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Abstract
Perfusion CT is established to aid selection of patients with proximal intracranial vessel occlusion for thrombectomy in the 
extended time window. Selection is mostly based on simple thresholding of perfusion parameter maps, which, however, 
does not exploit the full information hidden in the high-dimensional perfusion data. We implemented a multiparametric 
mass-univariate logistic model to predict tissue outcome based on data from 405 stroke patients with acute proximal vessel 
occlusion in the anterior circulation who underwent mechanical thrombectomy. Input parameters were acute multimodal CT 
imaging (perfusion, angiography, and non-contrast) as well as basic demographic and clinical parameters. The model was 
trained with the knowledge of recanalization status and final infarct localization. We found that perfusion parameter maps 
(CBF, CBV, and  Tmax) were sufficient for tissue outcome prediction. Compared with single-parameter thresholding-based 
models, our logistic model had comparable volumetric accuracy, but was superior with respect to topographical accuracy 
(AUC of receiver operating characteristic). We also found higher spatial accuracy (Dice index) in an independent internal 
but not external cross-validation. Our results highlight the value of perfusion data compared with non-contrast CT, CT 
angiography and clinical information for tissue outcome-prediction. Multiparametric logistic prediction has high potential 
to outperform the single-parameter thresholding-based approach. In the future, the combination of tissue and functional out-
come prediction might provide an individual biomarker for the benefit from mechanical thrombectomy in acute stroke care.
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Introduction

The advent of mechanical thrombectomy has led to improved 
clinical outcomes in stroke patients with proximal ante-
rior circulation vessel occlusion [1]. While thrombectomy 

is generally recommended in the first 6 h after symptom 
onset, patient selection in the extended time window rep-
resents a major challenge of modern stroke treatment. 
Computed tomography (CT) perfusion imaging is an estab-
lished method for identifying eligible patients under these 
circumstances [2, 3]. After deconvolution and calculation 
of perfusion parameter maps [4], individual ischemic core 
and penumbra are visualized and quantified by thresholding 
these parameter maps. Established criteria [2, 3] are  CBFrel 
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(i.e., cerebral blood flow relative to the unaffected hemi-
sphere) < 30% for the ischemic core [5] and Tmax (i.e., time-
to-maximum of the flow-scaled residue function) > 6 s for 
the entire hypoperfused area including the ischemic penum-
bra [6], although different criteria are also applied in vari-
ous commercially available software packages [7]. However, 
simple thresholding-based methods are not suited to exploit 
the full potential hidden in the high-dimensional perfusion 
data. Indeed, multiparametric machine learning methods 
(e.g., logistic regression and random forest classification) 
were shown to have the potential to outperform the simpler 
thresholding-based methods in predicting tissue outcome in 
case of successful (i.e., ischemic core) or unsuccessful (i.e., 
core and penumbra) recanalization [7–9]. These kinds of 
predictive models could therefore improve the selection of 
eligible patients with proximal anterior circulation vessel 
occlusion for mechanical thrombectomy by more accurate 
visualization and quantification of the tissue potentially sal-
vageable (i.e., ischemic penumbra) as well as tissue that is 
no longer salvageable (i.e., ischemic core).

With the present study, we aimed to develop and evaluate 
a multiparametric mass-univariate generalized linear model 
(GLM) to predict tissue outcome as a function of recanali-
zation status based on acute imaging parameters as well as 
basic clinical and demographic data. Using recanalization 
status as an input variable for model training enables the 
prediction of tissue outcome in new patients for both sce-
narios, successful and unsuccessful recanalization in terms 
of a “thrombectomy mismatch.” Our analyses used data from 
405 stroke patients from two stroke centers. First, we deter-
mined the optimal set of input parameters for our predic-
tive model in a step-down approach. Second, we thoroughly 
evaluated the predictive performance of our multiparametric 
mass-univariate logistic model in comparison to a single-
parameter thresholding-based model focusing on clinically 
relevant metrics. We hypothesized that the machine learn-
ing approach would be superior to the thresholding-based 
approach.

Material and Methods

Ethics and Data Availability

The present study was conducted in accordance with the 
Helsinki declaration and was approved by the ethics com-
mittees of the University of Leipzig and Dresden. The ret-
rospective analysis of data collected as part of routine care 
was covered by § 34 of Saxonian hospital law. The corre-
sponding author had full access to all data in the study and 
takes responsibility for its integrity and for the data analysis. 
Unfortunately, the datasets analyzed in the current study may 
not be made publicly available due to local data protection 

regulations. Data may be shared upon reasonable request 
based on a formal data sharing agreement.

Patients

We studied patients with large vessel occlusion in the 
anterior circulation (intracranial internal carotid artery, 
M1 or M2 segment of the middle cerebral artery) who 
underwent mechanical thrombectomy with stent retriev-
ers, direct thrombus aspiration, or the combination of both. 
We included all eligible patients admitted to the University 
of Leipzig Medical Center between 01/2016 and 12/2020 
(“Leipzig training cohort”). For internal validation, we pro-
spectively collected data from patients admitted between 
01/2021 and 08/2021 (“Leipzig test cohort”). For external 
validation, we analyzed data from patients admitted to the 
University of Dresden Medical Center between 06/2020 
and 08/2021 (“Dresden test cohort”). Inclusion criteria 
were available multimodal CT imaging prior to mechani-
cal thrombectomy, i.e., noncontrast CT (NCCT), perfusion 
CT and CT angiography (CT-A) as well as follow-up CT 
or magnetic resonance imaging (MRI) suitable to delineate 
the final infarction. Exclusion criteria were previous large 
infarcts in the same territory, concurrent brain injury (e.g., 
severe intracerebral hemorrhage or recurrent cerebral infarc-
tion), no visible infarction on follow-up imaging despite a 
persisting clinical deficit, insufficient imaging quality, or 
missing clinical data.

We used raw DICOM imaging as well as basic demo-
graphic and clinical data obtained from the patients’ records. 
This data comprised age, sex, national institute of health 
stroke scale (NIHSS) sum score, time between stroke onset 
(or time when the patient was last seen well using 9:00 pm 
for the term “evening” and 8:00 am for the term “morning”) 
and initial multimodal CT imaging. Additionally, recanali-
zation status was quantified post hoc by a board-certified 
neuroradiologist using the modified treatment in cerebral 
infarction (mTICI) scale based on digital subtraction angiog-
raphy images obtained after the last thrombectomy attempt.

Imaging

Detailed imaging protocols can be found in the Supplemen-
tary Material.

Data Analysis

Preprocessing

First, all DICOM (Digital Imaging and Communications 
in Medicine) data was converted to Nifti-format [10]. CT 
perfusion parameter maps of cerebral blood volume (CBV), 
CBF, and Tmax were calculated using VEOcore (VEObrain 
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GmbH, Germany) with standard settings [11]. From CT 
angiography, source images rather than reconstructions were 
used. To allow for a mass-univariate approach, all imaging 
data was spatially normalized to the Montreal Neurological 
Institute (MNI) space using the Clinical Toolbox [12] for 
Statistical Parametric Mapping (SPM12, Wellcome Trust 
Centre for Neuroimaging, UK) for Matlab (Mathworks, 
USA). All images were coregistered to the initial NCCT. 
Subsequently, the initial NCCT was normalized and the 
resulting normalization parameters were applied to all other 
images. All normalization results underwent visual quality 
checks.

Lesion Delineation

Final lesion masks were semi-automatically delineated on 
the most appropriate CT or MRI scan (obtained around 
3 days after stroke) using the Clusterize Toolbox [13] for 
SPM12. Each lesion was mapped three times by different 
trained medical students. After that, all lesion maps were 
carefully reviewed and, if necessary, manually corrected 
using MRIcron (https:// www. nitrc. org/ proje cts/ mricr on) by a 
trained neuroradiologist or neurologist. Voxels delineated in 
at least two of the three maps constituted the final lesion map 
serving as ground truth for the predictive models. Lesions 
were delineated on MRI scans in 50% of patients examined 
in Leipzig and in 18% of patients examined in Dresden and 
on CT scans in all other patients.

Predictive Models

We used a multiparametric mass-univariate logistic regres-
sion approach, which we implemented in Matlab to predict 
the final stroke lesions depending on recanalization status. 
The corresponding Matlab code is available on Github 
(https:// github. com/ afx13 37/ afxLo gisti cPred iction). The 
models were trained using data available in the acute set-
ting prior to mechanical thrombectomy: multimodal CT 
imaging (NCCT, CT angiography, CBV, CBF, and  Tmax) 
and basic demographic (sex, age) and clinical (NIHSS, time 
between stroke onset and acute imaging) information. All 
imaging data was smoothed with full width at half maxi-
mum (FWHM) of 0, 5, 9, and 13 mm to evaluate the optimal 
smoothing kernel. To predict individual benefits in tissue 
outcome due to thrombectomy (i.e., ischemic penumbra), 
we additionally included the parameter of successful reca-
nalization (i.e., mTICI > 2a) as well as its interaction with 
all perfusion parameter maps in the models. This enabled us 
to predict two lesion maps for every patient: one assuming 
successful recanalization and another assuming no/unsuc-
cessful recanalization. See Table 1 for an overview of all 14 
predictor variables in the full model.

We systematically reduced the number of variables in our 
model based on the predictive value in a step-down approach 
using 5-fold cross-validation in the Leipzig training cohort 
(see section “model selection”). The final model was then 
evaluated in the Leipzig and Dresden test cohorts. All analy-
ses were restricted to voxels with observations (i.e., cover-
age by the perfusion parameter maps) in at least ten times 
the number of model parameters as well as with a lesion 
coverage of at least 5% of these patients (“GLM mask”). 
In addition, previous territorial lesions were excluded from 
the analysis.

To prevent from overfitting, we performed cross-valida-
tion and strictly separated training and test data (see Table 2 
for training and test data used in the different analyses). 
After estimating beta values for the logistic models in each 
voxel in the training cohort, we were able to predict two 
infarction risk maps for every patient, one assuming suc-
cessful and another assuming unsuccessful recanalization. 
Because our ground truth was binary, binarization of the 
infarction risk maps was required for some of the further 
evaluations (i.e., calculating absolute volumetric difference 
and Dice coefficient, see below). The optimal cutoff for bina-
rization was derived from the training data by minimizing 
the mean absolute volume difference (in ml) between (in-
sample) prediction and ground truth lesion map.

In addition to the logistic models, we implemented 
single-parameter thresholding-based models serving as a 
methodological baseline. In clinical practice, the ischemic 

Table 1  Predictor variables in the full model

Variables in bold were included in the final model. NCCT  non-con-
trast computed tomography, FWHM full width at half maximum, CT-
A computed tomography angiography, CBV cerebral blood volume, 
CBF cerebral blood flow, Tmax time-to-maximum (of the flow-scaled 
residue function), NIHSS National Institute of Health Stroke Scale

Category Variable Comment

Intercept
Imaging NCCT Imaging smoothed with 

FWHM of 0, 5, 9, and 
13 mm

CT-A (source image)
CBV
CBF
Tmax

Demographic Age
Sex

Clinical NIHSS
TToImg Time between symptom 

onset and acute imag-
ing

Recanalization mTICI > 2a = successful
Interactions Recanalization × CBV

Recanalization × CBF
Recanalization ×  Tmax

https://www.nitrc.org/projects/mricron
https://github.com/afx1337/afxLogisticPrediction
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core is usually defined by < 30%  CBFrel [5] and the 
ischemic penumbra (plus core) is defined by  Tmax > 6 s 
[6]. However, since these thresholds depend on the 
amount of spatial smoothing [5] and substantially vary 
between imaging studies [14], we did not use these fixed 
thresholds. The optimal thresholds (see Supplementary 
Fig. 1) were instead computed the same way (i.e., using 
cross-validation) as for the logistic models but based on 
the parameter maps  (CBFrel and  Tmax) instead of the logis-
tic model outputs.

The predicted lesion maps assuming successful reca-
nalization were used as a surrogate for the ischemic core 
while the predictions assuming unsuccessful recanaliza-
tion were used as indicator for the entire hypoperfused 
area including the ischemic penumbra. The mismatch of 
these two binary maps (i.e., “map(unsuccessful) AND 
NOT map(successful)”) corresponds to the ischemic 
penumbra in terms of a “thrombectomy mismatch.”

Model Selection

In the Leipzig training cohort, we systematically elimi-
nated variables of low predictive value from the logistic 
models with a step-down approach. We started with the 
full model with 14 parameters (Table 1) and eliminated 
the parameter with the lowest mean (pseudo-)R2-value 
(derived from the t-values returned by Matlabs glmfit-
function) across all voxels within the GLM mask and 
all five folds based on the predictions with intermediate 
(i.e., FWHM = 9 mm) smoothing. This step was repeated 
until no further eliminations were possible. The param-
eters intercept, CBF,  Tmax, and recanalization were not 
allowed to be eliminated because these are the parameters 
of the thresholding-based models serving as methodologi-
cal baseline [15]. Following the nature of linear models, 
interactions were eliminated prior to the corresponding 
main effects. We calculated the evaluation metrics intro-
duced below for all models (using 5-fold cross-valida-
tion). The logistic model with the lowest mean absolute 
volume difference (prediction vs. ground truth lesion 
map) was chosen for further evaluation in the Leipzig 
and Dresden test cohort.

Evaluation

Three different evaluation metrics were used. First, absolute 
volumetric difference between the predicted lesion and the 
ground truth lesion map (in ml) was used as the primary 
evaluation metric because of the high clinical relevance of 
volumetric accuracy in stroke care [16]. Second, area under 
the curve (AUC) for the receiver operating characteristic 
(logistic model output vs. ground truth lesion map) was 
used as threshold-free metric to quantify the topographical 
accuracy of the infarction risk maps (per patient). Third, 
Dice coefficients [17] between predicted and ground truth 
lesion maps served as a threshold-dependent quantifier for 
spatial accuracy. These evaluation metrics were calculated 
for the logistic models as well as for the thresholding-based 
models and compared using Wilcoxon signed-rank tests. 
The evaluation was spatially restricted to the intersection 
of the individual voxels with available perfusion data and 
the GLM mask.

To evaluate the ability of the models to predict tissue 
outcome dependent on the recanalization success (i.e., the 
thrombectomy mismatch), we took advantage of the fact that 
the ischemic penumbra should overlap to a less extend with 
the ground truth lesion map in patients with successful than 
unsuccessful recanalization. For this aim, we calculated the 
relative amount of lesioned voxels (ground truth lesion map) 
within both compartments (core/penumbra) for both methods 
(logistic GLM and thresholding-based). These resulting 
tissue-to-infarct conversion rates were analyzed in a repeated 
measures analysis of variance (rmANOVA) with the factors 
compartment (core, penumbra), successful recanalization 
(true, false) and method (logistic GLM, thresholding-
based) and all possible interactions. Since there were only 
n = 5 and n = 8 patients with unsuccessful recanalization 
in the Leipzig and Dresden test cohorts respectively, we 
performed the evaluation of the thrombectomy mismatch 
prediction in the Leipzig training cohort (53 patients with 
unsuccessful recanalization). Therefore, the results must 
be interpreted with caution, because the training data were 
also used for the feature selection process. We hypothesized 
that the factor compartment is more relevant in patients with 
successful than in patients with unsuccessful recanalization, 
i.e., we hypothesized a significant compartment x  

Table 2  Data used for cross-
validation for the different 
analyses

Analysis Training data Test data Folds

Model selection Leipzig training cohort
(n = 243/304)

Leipzig training cohort 
(n = 61/304)

5 folds

Model evaluation (internal validation) Leipzig training cohort
(n = 304)

Leipzig test cohort
(n = 50)

1 fold

Model evaluation (external validation) Leipzig training cohort
(n = 304)

Dresden test cohort
(n = 51)

1 fold
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recanalization success interaction. Additionally, a significant 
three-way interaction would indicate a superiority in 
mismatch prediction for one of the two methods.

We also created renderings displaying predicted ischemic 
core and penumbra for all individual patients and models. 
We present illustrative cases in this manuscript; all other 
cases can be found in the Supplementary Information.

Results

Demographic and Clinical Data

Patient and imaging characteristics at admission and follow 
up of all included patients are summarized in Table 3.

Leipzig Training Cohort

Three hundred ninety-nine patients with large vessel 
occlusion in the anterior circulation received mechani-
cal thrombectomy between 2016 and 2020, of whom 345 
patients met the inclusion criteria. The following patients 
had to be excluded: (i) 19 patients with insufficient image 
quality due to extensive artifacts or contrast bolus delays, 

(ii) 16 patients with follow-up imaging on which the infarct 
could not be distinguished because of parenchymal hema-
toma with mass effect, re-infarcts, old lesions (in the same 
territory), or other cerebral diseases, and (iii) 6 patients 
with severe disability, but no visible infarct due to too early 
follow up imaging. Thus, 304 patients (aged 74 ± 12; 57% 
women) were included in the analysis.

Leipzig Test Cohort

Sixty-eight patients received mechanical thrombectomy 
between 01/2021 and 08/2021, of whom 60 had com-
plete datasets. Four patients were excluded due to insuf-
ficient quality of imaging, five because infarcts could not 
be distinguished on follow-up imaging due to parenchymal 
hematoma with mass effect, re-infarcts or other cerebral dis-
eases and one patient due to missing clinical data. Thus, 50 
patients (aged 72 ± 14; 60% women) were included in the 
analysis.

Dresden Test Cohort

Between 06/2020 and 08/2021, 271 patients with large ves-
sel occlusion in the anterior circulation received mechanical 

Table 3  Demographic data

Data are presented as mean ± SD and n (%). P-values refer to 1Wilcoxon rank-sum tests and 2Fisher's exact tests. mRS modified Rankin Scale, 
NIHSS National Institute of Health Stroke Scale, IVT intravenous thrombolysis, NCCT ASPECTS Alberta Stroke Program Early CT Score, 
mTICI modified treatment in cerebral infarction scale, MRI magnetic resonance imaging

Variable Leipzig 
training 
cohort
(n = 304)

Leipzig test cohort
(n = 50)

p-value (Leipzig test 
vs. Leipzig training)

Dresden test cohort
(n = 51)

p-value (Dresden test 
vs. Leipzig training)

Admission
  Age (years) 74 ± 12 72 ± 14 0.551 73 ± 15 0.811

  Sex (female) 172 (57%) 30 (60%) 0.762 25 (49%) 0.362

  Premorbid mRS ≤ 2 268 (88%) 47 (94%) 0.332 51 (100%) 0.0052

  Pretreatment NIHSS score 16 ± 6 14 ± 5 0.021 14 ± 7 0.061

  IVT 163 (54%) 20 (40%) 0.092 17 (33%) 0.012

  onset-to-image time (minutes) 234 ± 269 283 ± 263 0.061 467 ± 346  < 0.0011

  NCCT ASPECTS 8.6 ± 1.9 8.2 ± 1.8 0.081 7.3 ± 2.0  < 0.0011

Outcome
  Successful recanalization (mTICI 

2b – 3)
251 (83%) 45 (90%) 0.222 43 (84%) 0.842

  Time from CT imaging to recanaliza-
tion < 180 min

237 (78%) 37 (74%) 0.472 44 (86%) 0.202

  Follow-up modality (MRI) 144 (47%) 26 (52%) 0.552 9 (18%)  < 0.0012

  Recanalization-to-follow-up time 
(days)

4.3 ± 4.8 4.6 ± 6.5 0.471 1.5 ± 2.2  < 0.0011

  Ground truth infarct volume (ml) 104 ± 144 105 ± 133 0.431 134 ± 136 0.0051

  Death 43 (14%) 4 (8%) 0.372 7 (14%) 1.002

  Discharge NIHSS score 5.9 ± 6.6 5.8 ± 6.1 0.531 8.8 ± 6.8 0.0041

  Discharge mRS ≤ 2 102 (34%) 20 (40%) 0.422 12 (24%)  < 0.0012
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thrombectomy. Because in Dresden, perfusion CT is strictly 
performed in the time window > 6 h, only 70 patients met 
the inclusion criteria. In this dataset, the following patients 
had to be excluded: three patients with failure of the spatial 
normalization procedure, two patients with a second stroke 
in the same area, three patients with old lesions in the same 
territory and eleven patients with no visible infarction on 
follow-up CT scans despite persisting clinical symptoms. 
Thus, 51 patients (aged 72 ± 14; 60% women) were included 
in the analysis.

Model Selection

We started with a full model including all 14 imaging 
(smoothed with 0, 5, 9, and 13 mm FWHM), demographic 
and clinical predictors (Table 1) and then searched for an 
optimal reduced model using a step-down approach (Fig. 1A, 
Supplementary Table 1). We found generally better volumet-
ric, topographical and spatial accuracy for models based on 

images smoothed with 9 and 13 mm (compared to 0 and 
5 mm) kernels regardless of model complexity. The best-
performing logistic model in terms of volumetric accuracy 
was obtained after elimination of seven predictors and was 
based on images smoothed with 9 mm FWHM (Fig. 1A). 
The remaining predictors in this model were intercept, CBV, 
CBF,  Tmax, recanalization status, recanalization status x 
CBV and recanalization x status CBF. The best-performing 
thresholding-based model was based on images smoothed 
with 5-mm FWHM (Supplementary Fig. 2). All further 
evaluations were therefore based on the optimal logistic 
GLM (7 parameters, FWHM = 9 mm) and on the single-
parameter thresholding-based model (FWHM = 5 mm) and 
their comparison.

Model Evaluation

We evaluated the final models trained with the Leipzig train-
ing cohort (n = 304) using independent data from the Leipzig 

Fig. 1  Model selection and evaluation A Mean evaluation metrics 
during model selection for the Leipzig training cohort. The gray 
dashed line marks the optimal number of parameters. B Evalua-

tion metrics for the final logistic and thresholding-based models for 
the Leipzig and Dresden test cohort. AUC: area under the curve. 
*p < 0.001
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test cohort (n = 50, internal cross-validation) and Dresden 
test cohort (n = 51, external cross-validation) with regard 
to volumetric, topographic (AUC) and spatial (Dice index) 
accuracy. We compared our newly developed logistic mod-
els with the thresholding-based models (Fig. 1B, Table 4). 
We found no differences in volumetric accuracy between 
the logistic and the thresholding-based models in both, the 
internal and the external validation (p = 0.78 and 0.14, Wil-
coxon signed-rank test). Topographic accuracy (AUC) was 
significantly higher for the logistic models in both groups 
(p < 0.001, Wilcoxon signed-rank test). Spatial accuracy 
(Dice index) was also significantly higher in the internal 
validation (p < 0.001, Wilcoxon signed-rank test) but no 
difference was found in the external validation (p = 0.17, 
Wilcoxon signed-rank test).

We were also interested in the ability to predict tissue 
outcome dependent on the thrombectomy success for the 
logistic GLM and for the thresholding-based method. Pre-
diction of this thrombectomy mismatch in three patients 
is illustrated in Fig. 2 A. Additionally, we calculated the 
amount of infarcted voxels in both compartments (Fig. 2B) 
and performed an rmANOVA with the factors compart-
ment (core, penumbra), successful recanalization (true, 
false) and method (logistic GLM, thresholding-based). 
Numeric rmANOVA results are provided in Supplementary 
Table 2. We found a significant effect of the method: the 
lesions predicted by the logistic GLM were generally more 
likely to belong to the ground truth lesion map than those 
predicted by the thresholding-based method. The effect of 
compartment also reached significance, with regions in 
the ischemic core more likely to infarct than regions in the 
ischemic penumbra. The factor successful recanalization 
also explained a significant amount of variance with a higher 
fraction of infarcted voxels in patients with unsuccessful 
compared to patients with successful recanalization. The 
interaction method x successful recanalization, however, did 
not reach significance, indicating no difference in predicting 
recanalization effects between the two methods. In accord-
ance with our hypothesis, the interaction compartment x suc-
cessful recanalization also explained a significant amount 

of variance with higher effects of recanalization success in 
the ischemic penumbra than the ischemic core. The interac-
tion method x compartment also reached significance, with 
the difference between the proportion of infarcted voxels 
between core and penumbra was significantly larger in the 
logistic GLM than in the thresholding-based method. Yet, 
the three-way interaction did not account for a significant 
amount of variance indicating that none of both methods 
is superior in mismatch prediction between ischemic core 
and penumbra.

Discussion

We implemented and evaluated a predictive machine learn-
ing approach using mass-univariate logistic models for tissue 
outcome prediction depending on recanalization status. Our 
analyses were based on multimodal CT imaging, clinical 
and demographic data from 405 stroke patients with acute 
intracerebral proximal vessel occlusion. In the first step, we 
determined the optimal set of input parameters for our pre-
dictive model. In the second step, the optimal model was 
thoroughly evaluated using independent data.

We found that the optimal model (in terms of volumet-
ric accuracy) included only perfusion imaging parameters 
and recanalization status but neither clinical or demo-
graphic variables nor NCCT and CT-A source images. In 
particular, no benefit was found for prediction by including 
the time between symptom onset and imaging or NIHSS 
score. Most importantly, the amount of early hypodensity 
on NCCT nor CT-A source images was not crucial for 
accurate prediction in these logistic models. This might 
suggest that all relevant information for predicting tissue 
outcome is contained in the CT perfusion imaging and that 
clinical and demographic variables as well as NCCT and 
CT-A do not contain additional information in this regard. 
This is of particular interest since visual scoring of early 
infarct signs on NCCT using Alberta Stroke Program Early 
CT Score (ASPECTS) still represents an important diag-
nostic criterion for triaging acute stroke patients in clinical 

Table 4  Model evaluation

Mean (95%-CI), p-values refer to Wilcoxon signed-rank tests. AUC  area under the curve, GLM generalized 
linear model

Cohort Method Absolute volume 
difference (ml)

AUC (%) Dice index (%)

Leipzig test Logistic GLM 36.8 (26.1 – 47.4) 89.2 (87.3 – 91.1) 34.2 (26.6 – 41.8)
Thresholding-based 35.0 (25.4 – 44.6) 80.8 (77.6 – 84.0) 27.3 (19.6 – 35.0)

p = 0.78 p < 0.001 p < 0.001
Dresden test Logistic GLM 45.0 (32.9 – 57.2) 85.5 (83.0 – 88.0) 34.3 (27.2 – 41.4)

Thresholding-based 39.6 (28.0 – 51.2) 80.1 (76.7 – 83.5) 36.6 (29.4 – 43.8)
p = 0.14 p < 0.001 p = 0.17
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routine [18]. Thus, when tissue outcome is considered a 
surrogate marker for functional outcome [16], patient 
selection for mechanical thrombectomy in the extended 
time window might be predominantly based on perfusion 
imaging findings and less on clinical parameters or NCCT.

Evaluation of the optimal model based on independent 
data did not implicate any differences in volumetric accu-
racy between the logistic and the thresholding-based models. 
Nevertheless, the logistic models clearly outperformed the 
thresholding-based models in terms of topographic accuracy 

Fig. 2  Mismatch prediction. A Perfusion parameter maps, logistic 
(GLM), and thresholding-based predictions dependent on thrombec-
tomy success and ground truth lesion maps of three patients. Patients 
#2305 and #2315 represent excellent candidates for thrombectomy 
with large thrombectomy-mismatches while in patient #2309, mar-

ginal thrombectomy-mismatch indicates little benefit despite the 
good time window. Left hemisphere is displayed on the right side. B 
Tissue-to-infarct conversion rates of the different tissue compartments 
(core/penumbra) with regard to recanalization status and method 
(GLM/thresholding-based). Units:  Tmax: seconds, CBF: %, CBV: %
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(AUC). In addition, spatial accuracy (Dice) was signifi-
cantly improved for the logistic model in comparison to the 
thresholding-based model in our internal cross-validation. 
This superiority of the multiparametric logistic approach is 
well in line with a recent study which demonstrated higher 
predictive performance based on precision-recall plots and 
mean (but not mean absolute) volume difference [7]. In our 
analyses, the improved spatial accuracy did not generalize to 
the external validation cohort. This lack of generalizability is 
an important limitation of our study. However, this problem 
likely originates from the differences in baseline character-
istics between the Leipzig training cohort and the Dresden 
test cohort. In the Dresden test cohort, time from symptom 
onset to imaging was significantly longer, the ASPECTS 
was lower, the ground truth infarct volume larger and the 
early functional outcome (modified Rankin Scale as well as 
NIHSS) worse, although the initial clinical severity and reca-
nalization success rate were comparable. Finally, the ground 
truth has been delineated earlier and more often based on CT 
imaging in the Dresden cohort. We therefore speculate that 
these patients were less represented in the training data due 
to local differences in performing perfusion and follow-up 
imaging and endovascular interventions. Additionally, the 
use of different scanners and protocols for obtaining perfu-
sion CT may have been a contributing factor.

On a conceptual level, the volume of tissue potentially 
salvageable by intervention plays a primary role for the 
potential benefit to the patient (i.e., the thrombectomy mis-
match). Therefore, we also compared the tissue-to-infarct 
conversion rates of the different compartments (ischemic 
core and penumbra) depending on the prediction method 
(logistic, thresholding-based) and recanalization success. 
As expected, we found significantly lower conversion rates 
in the penumbra compartment in patients with successful 
recanalization. However, this effect was not dependent on 
the method. Thus, despite the higher spatial accuracy of the 
logistic prediction approach, no difference in predicting the 
thrombectomy mismatch could be demonstrated with this 
approach.

Still, higher spatial accuracy in tissue outcome predic-
tion using multiparametric logistic regression in compari-
son to thresholding-based approaches might become rel-
evant in the future. Several previous studies [2, 3] did not 
take into account exact location of the predicted lesion but 
only considered the overall volume. However, prediction of 
symptoms from infarct location has improved significantly 
in recent years [19, 20]. Combining tissue and functional 
outcome prediction in the future therefore might enable 
predicting individual benefits in functional outcome prior 
to mechanical thrombectomy. Therefore, the exact loca-
tion of potentially salvageable tissue might further improve 
the selection of patients who benefit from mechanical 
thrombectomy.

Finally, we would like to emphasize strengths, limita-
tions, and some methodological considerations of our study. 
A main strength of our study is our large, clinically well-
characterized set of real-world data from routine stroke care 
outside of clinical trials. The knowledge of the recanaliza-
tion status of every patient is of particular value during the 
training of models for tissue outcome prediction. Another 
important strength is the focus of our model evaluation 
on clinically relevant metrics. We would like to highlight 
the difference between using volumetric difference [7] and 
absolute volumetric difference [21] as used in the present 
study. The first quantifies the tendency of the classifier 
to over- or underestimate the infarct volume. The latter, 
applied in our sturdy, quantifies actual volumetric accuracy 
per patient. Two predictive models can have the same mean 
volumetric difference but very different volumetric accura-
cies. Additionally, several studies in the field focus on spa-
tial accuracy and neglect volumetric accuracy [22, 23]. We 
believe, that both aspects play an important role. Therefore, 
we optimized the models on the most relevant metric (i.e., 
volumetric accuracy) but also evaluated secondary metrics. 
This procedure, together with the cross-validation approach, 
rules out the possibility that the demonstrated superiority in 
spatial accuracy was a consequence of overfitting. Another 
important methodological difference compared to prior stud-
ies fitting only one single GLM to the data of all voxels [8, 
23] is the mass-univariate approach which was inspired by 
classical statistical parametric mapping in functional neu-
roimaging [24]. While Kemmling and colleagues [8] used 
multiple maps that encoded spatial features (tissue class, ter-
ritory of the middle cerebral artery), in our approach spatial 
information is already implicitly encoded in the models. On 
the other hand, the mass-univariate approach has the disad-
vantage of a lower number of degrees of freedom, however, 
this was accounted for by the large size of our training data 
set. To leverage the fact of similar perfusion characteristics 
in neighboring voxels [25], we explored different smooth-
ing kernels and found best results with FWHM of 9 mm. 
Another potential methodological constraint is imbalance in 
the data, i.e., much more data points with no infarction in the 
follow-up than with infarction. Winder and colleagues [23] 
proposed using stratified random sampling to overcome the 
issue of bias in logistic models under these circumstances. 
Unfortunately, this approach is not feasible in combination 
with mass-univariate statistics. We therefore used a different 
approach. Instead of the theoretically motivated threshold of 
0.50 [26] for binarization of our infarct risk maps, we have 
adjusted the thresholds for the binarization of the probabilis-
tic output of the logistic prediction based on cross-validation 
(to values of around 0.38, see Supplementary Fig. 1).

Limitations of our study include uncertainties in our 
ground truth, mainly by mapping infarcts on subacute 
imaging which might have led to individual over- (mapping 
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on MRI) or underestimation (mapping on CT and/or 
infarct growth after follow-up imaging) of the ground 
truth. Further, excluding patients with severe intracerebral 
hemorrhage might have biased the patient sample towards 
patients with better ASPECTS. Finally, our data suffered 
from an imbalance between fewer patients with persis-
tent vessel occlusion compared to those with successful 
recanalization.

Conclusion

Multiparametric logistic tissue outcome prediction in 
patients with proximal vessel occlusion in the anterior 
circulation primarily depends on perfusion data, but 
does not require clinical and demographic information or 
NCCT and CT-A source images. Volumetric accuracy is 
comparable to single-parameter thresholding-based pre-
diction serving as methodological baseline. However, the 
multiparametric approach outperforms in terms of spatial 
(Dice) and topographic (AUC) accuracy. Spatial accuracy 
might be a relevant factor in future studies combining tis-
sue and functional outcome prediction based on lesion 
location in terms of an individual biomarker for therapy 
response to mechanical thrombectomy. Finally, multipara-
metric generalized linear models provide the logical base-
line for the evaluation of generalized nonlinear models 
(such as artificial neural networks). Artificial neural net-
works have the potential to outperform the linear models 
[21], but have rarely been used with consideration of reca-
nalization status so far [27].

Supplementary Information The online version contains supplemen-
tary material available at https:// doi. org/ 10. 1007/ s12975- 023- 01160-6.

Acknowledgements We would like to thank the staff of the Depart-
ments of Neuroradiology and Neurology in Leipzig and Dresden for 
collecting imaging data, Max-Lennart Brandt, Sophia Hormig, Hanne 
Wolff, Emma Bahr, Karla Rottmayer, and Martin Mühlig for manual 
lesion delineation and Nikolaos Bailis for lesion supervision.

Author Contribution Conceptualization: DS, MW; data curation: FW, 
KS, JH, GP, DPOK, HRS, JK, AS, DL, MW; formal analysis and writ-
ing – original draft: FW, KS, MW; investigation: JH, GP, DPOK, KTS; 
methodology and software: FW, EK, MR, MW; resources: DPOK, 
KTH, DS; Visualization: FW, MW; writing – review & editing: all 
authors.

Funding Open Access funding enabled and organized by Projekt 
DEAL. Dorothee Saur and Julian Klingbeil (SA 1723/5–1) are sup-
ported by the Deutsche Forschungsgemeinschaft (German Research 
Foundation). Max Wawrzyniak is supported by the Clinician Scientist 
Program of the Medical Faculty of the University of Leipzig. Kristin 
Stoll is supported by the Smart Medical Technology for Healthcare 
Consortium of the University of Leipzig. Daniel Kaiser is supported 
by the Else Kröner Fresenius Center for Digital Health, TU Dresden 
and the Joachim Herz Foundation, Hamburg. Services of the Data 

Integration Center of Leipzig University, funded by the German Fed-
eral Ministry of Education and Research (01ZZ1803D), were used.

Declarations 

Competing Interests Elias Kellner is shareholder of and receives pay-
ments from VEObrain GmbH.

Open Access  This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, 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 Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted 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 licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

References

 1. Goyal M, Menon BK, van Zwam WH, Dippel DWJ, Mitchell PJ, 
Demchuk AM, et al. Endovascular thrombectomy after large-
vessel ischaemic stroke: a meta-analysis of individual patient 
data from five randomised trials. The Lancet. 2016;387:1723–31. 
https:// doi. org/ 10. 1016/ S0140- 6736(16) 00163-X.

 2. Albers GW, Marks MP, Kemp S, Christensen S, Tsai JP, Ortega-
Gutierrez S, et al. Thrombectomy for stroke at 6 to 16 hours with 
selection by perfusion imaging. N Engl J Med. 2018;378:708–18. 
https:// doi. org/ 10. 1056/ NEJMo a1713 973.

 3. Nogueira RG, Jadhav AP, Haussen DC, Bonafe A, Budzik 
RF, Bhuva P, et al. Thrombectomy 6 to 24 hours after stroke 
with a mismatch between deficit and infarct. N Engl J Med. 
2018;378:11–21. https:// doi. org/ 10. 1056/ NEJMo a1706 442.

 4. Fieselmann A, Kowarschik M, Ganguly A, Hornegger J, Fahrig 
R. Deconvolution-based ct and mr brain perfusion measurement: 
theoretical model revisited and practical implementation details. 
Int J Biomed Imaging. 2011;2011:467563. https:// doi. org/ 10. 
1155/ 2011/ 467563.

 5. Campbell BCV, Christensen S, Levi CR, Desmond PM, Donnan 
GA, Davis SM, Parsons MW. Cerebral blood flow is the opti-
mal CT perfusion parameter for assessing infarct core. Stroke. 
2011;42:3435–40. https:// doi. org/ 10. 1161/ STROK EAHA. 111. 
618355.

 6. Olivot J-M, Mlynash M, Thijs VN, Kemp S, Lansberg MG, 
Wechsler L, et al. Optimal Tmax threshold for predicting penum-
bral tissue in acute stroke. Stroke. 2009;40:469–75. https:// doi. 
org/ 10. 1161/ STROK EAHA. 108. 526954.

 7. Peerlings D, van Ommen F, Bennink E, Dankbaar JW, Velthuis 
BK, Emmer BJ, et  al. Probability maps classify ischemic 
stroke regions more accurately than CT perfusion summary 
maps. Eur Radiol. 2022;32:6367–75. https:// doi. org/ 10. 1007/ 
s00330- 022- 08700-y.

 8. Kemmling A, Flottmann F, Forkert ND, Minnerup J, Heindel W, 
Thomalla G, 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. 2015;35:1397–405. 
https:// doi. org/ 10. 1038/ jcbfm. 2015. 144.

 9. McKinley R, Häni L, Gralla J, El-Koussy M, Bauer S, Arnold M, 
et al. Fully automated stroke tissue estimation using random forest 

https://doi.org/10.1007/s12975-023-01160-6
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/S0140-6736(16)00163-X
https://doi.org/10.1056/NEJMoa1713973
https://doi.org/10.1056/NEJMoa1706442
https://doi.org/10.1155/2011/467563
https://doi.org/10.1155/2011/467563
https://doi.org/10.1161/STROKEAHA.111.618355
https://doi.org/10.1161/STROKEAHA.111.618355
https://doi.org/10.1161/STROKEAHA.108.526954
https://doi.org/10.1161/STROKEAHA.108.526954
https://doi.org/10.1007/s00330-022-08700-y
https://doi.org/10.1007/s00330-022-08700-y
https://doi.org/10.1038/jcbfm.2015.144


Translational Stroke Research 

1 3

classifiers (FASTER). J Cereb Blood Flow Metab. 2017;37:2728–
41. https:// doi. org/ 10. 1177/ 02716 78X16 674221.

 10. Li X, Morgan PS, Ashburner J, Smith J, Rorden C. The first step 
for neuroimaging data analysis: DICOM to NIfTI conversion. J 
Neurosci Methods. 2016;264:47–56. https:// doi. org/ 10. 1016/j. 
jneum eth. 2016. 03. 001.

 11. Kellner E, Rau A, Demerath T, Reisert M, Urbach H. Contrast 
bolus interference in a multimodal CT Stroke Protocol. AJNR 
Am J Neuroradiol. 2021;42:1807–14. https:// doi. org/ 10. 3174/ ajnr. 
A7247.

 12. Rorden C, Bonilha L, Fridriksson J, Bender B, Karnath H-O. Age-
specific CT and MRI templates for spatial normalization. Neu-
roimage. 2012;61:957–65. https:// doi. org/ 10. 1016/j. neuro image. 
2012. 03. 020.

 13. de Haan B, Clas P, Juenger H, Wilke M, Karnath H-O. Fast 
semi-automated lesion demarcation in stroke. Neuroimage Clin. 
2015;9:69–74. https:// doi. org/ 10. 1016/j. nicl. 2015. 06. 013.

 14. Cereda CW, Christensen S, Campbell BCV, Mishra NK, Mly-
nash M, Levi C, et al. A benchmarking tool to evaluate computer 
tomography perfusion infarct core predictions against a DWI 
standard. J Cereb Blood Flow Metab. 2016;36:1780–9. https:// 
doi. org/ 10. 1177/ 02716 78X15 610586.

 15. Campbell BCV, Christensen S, Levi CR, Desmond PM, Donnan 
GA, Davis SM, Parsons MW. Comparison of computed tomog-
raphy perfusion and magnetic resonance imaging perfusion-dif-
fusion mismatch in ischemic stroke. Stroke. 2012;43:2648–53. 
https:// doi. org/ 10. 1161/ strok eaha. 112. 660548.

 16. Yoo AJ, Chaudhry ZA, Nogueira RG, Lev MH, Schaefer PW, 
Schwamm LH, et al. Infarct volume is a pivotal biomarker after 
intra-arterial stroke therapy. Stroke. 2012;43:1323–30. https:// doi. 
org/ 10. 1161/ STROK EAHA. 111. 639401.

 17. Dice LR. Measures of the amount of ecologic association between 
species. Ecology. 1945;26:297–302. https:// doi. org/ 10. 2307/ 
19324 09.

 18. Barber PA, Demchuk AM, Zhang J, Buchan AM. Validity and 
reliability of a quantitative computed tomography score in predict-
ing outcome of hyperacute stroke before thrombolytic therapy. 
ASPECTS Study Group. Alberta Stroke Programme Early CT 
Score. Lancet. 2000;355:1670–4. https:// doi. org/ 10. 1016/ S0140- 
6736(00) 02237-6.

 19. Hope TMH, Seghier ML, Leff AP, Price CJ. Predicting outcome 
and recovery after stroke with lesions extracted from MRI images. 
Neuroimage Clin. 2013;2:424–33. https:// doi. org/ 10. 1016/j. nicl. 
2013. 03. 005.

 20. Bowren M, Bruss J, Manzel K, Edwards D, Liu C, Corbetta M, 
et al. Post-stroke outcomes predicted from multivariate lesion-
behaviour and lesion network mapping. Brain. 2022;145:1338–53. 
https:// doi. org/ 10. 1093/ brain/ awac0 10.

 21. Hakim A, Christensen S, Winzeck S, Lansberg MG, Parsons MW, 
Lucas C, et al. Predicting infarct core from computed tomography 
perfusion in acute ischemia with machine learning: lessons from 
the ISLES challenge. Stroke. 2021;52:2328–37. https:// doi. org/ 
10. 1161/ STROK EAHA. 120. 030696.

 22. Clèrigues A, Valverde S, Bernal J, Freixenet J, Oliver A, Lladó X. 
Acute ischemic stroke lesion core segmentation in CT perfusion 
images using fully convolutional neural networks. Comput Biol 
Med. 2019;115:103487. https:// doi. org/ 10. 1016/j. compb iomed. 
2019. 103487.

 23. Winder AJ, Siemonsen S, Flottmann F, Thomalla G, Fiehler J, 
Forkert ND. Technical considerations of multi-parametric tissue 
outcome prediction methods in acute ischemic stroke patients. Sci 
Rep. 2019;9:13208. https:// doi. org/ 10. 1038/ s41598- 019- 49460-y.

 24. Friston KJ, Frith CD, Liddle PF, Dolan RJ, Lammertsma AA, 
Frackowiak RS. The relationship between global and local 
changes in PET scans. J Cereb Blood Flow Metab. 1990;10:458–
66. https:// doi. org/ 10. 1038/ jcbfm. 1990. 88.

 25. Klug J, Dirren E, Preti MG, Machi P, Kleinschmidt A, Vargas MI, 
et al. Integrating regional perfusion CT information to improve 
prediction of infarction after stroke. J Cereb Blood Flow Metab. 
2021;41:502–10. https:// doi. org/ 10. 1177/ 02716 78X20 924549.

 26. Kuang H, Qiu W, Boers AM, Brown S, Muir K, Majoie CBLM, 
et al. Computed tomography perfusion-based machine learning 
model better predicts follow-up infarction in patients with acute 
ischemic stroke. Stroke. 2021;52:223–31. https:// doi. org/ 10. 1161/ 
STROK EAHA. 120. 030092.

 27. Debs N, Cho T-H, Rousseau D, Berthezène Y, Buisson M, Eker O, 
et al. Impact of the reperfusion status for predicting the final stroke 
infarct using deep learning. Neuroimage Clin. 2021;29:102548. 
https:// doi. org/ 10. 1016/j. nicl. 2020. 102548.

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1177/0271678X16674221
https://doi.org/10.1016/j.jneumeth.2016.03.001
https://doi.org/10.1016/j.jneumeth.2016.03.001
https://doi.org/10.3174/ajnr.A7247
https://doi.org/10.3174/ajnr.A7247
https://doi.org/10.1016/j.neuroimage.2012.03.020
https://doi.org/10.1016/j.neuroimage.2012.03.020
https://doi.org/10.1016/j.nicl.2015.06.013
https://doi.org/10.1177/0271678X15610586
https://doi.org/10.1177/0271678X15610586
https://doi.org/10.1161/strokeaha.112.660548
https://doi.org/10.1161/STROKEAHA.111.639401
https://doi.org/10.1161/STROKEAHA.111.639401
https://doi.org/10.2307/1932409
https://doi.org/10.2307/1932409
https://doi.org/10.1016/S0140-6736(00)02237-6
https://doi.org/10.1016/S0140-6736(00)02237-6
https://doi.org/10.1016/j.nicl.2013.03.005
https://doi.org/10.1016/j.nicl.2013.03.005
https://doi.org/10.1093/brain/awac010
https://doi.org/10.1161/STROKEAHA.120.030696
https://doi.org/10.1161/STROKEAHA.120.030696
https://doi.org/10.1016/j.compbiomed.2019.103487
https://doi.org/10.1016/j.compbiomed.2019.103487
https://doi.org/10.1038/s41598-019-49460-y
https://doi.org/10.1038/jcbfm.1990.88
https://doi.org/10.1177/0271678X20924549
https://doi.org/10.1161/STROKEAHA.120.030092
https://doi.org/10.1161/STROKEAHA.120.030092
https://doi.org/10.1016/j.nicl.2020.102548

	Tissue Outcome Prediction in Patients with Proximal Vessel Occlusion and Mechanical Thrombectomy Using Logistic Models
	Abstract
	Introduction
	Material and Methods
	Ethics and Data Availability
	Patients
	Imaging
	Data Analysis
	Preprocessing
	Lesion Delineation
	Predictive Models
	Model Selection
	Evaluation


	Results
	Demographic and Clinical Data
	Leipzig Training Cohort
	Leipzig Test Cohort
	Dresden Test Cohort

	Model Selection
	Model Evaluation

	Discussion
	Conclusion

	Anchor 23
	Acknowledgements 
	References


