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Initial Experiences with Artificial Neural Networks in the Detection of Computed
Tomography Perfusion Deficits
Jan Vargas1, Alejandro Spiotta2, Arindram Rano Chatterjee3
-BACKGROUND: Head computed tomography (CT) with
perfusion imaging has become crucial in the selection of
patients for mechanical thrombectomy. In recent years,
machine learning has rapidly evolved and found applica-
tions in a wide variety of health care tasks. We report our
initial experiences with training a neural network to pre-
dict the presence and laterality of a perfusion deficit in
patients with acute ischemic stroke.

-METHODS: CT perfusion images of patients with suspi-
cion for acute ischemic stroke were obtained. The data
were split into training and validation sets. A long-term,
recurrent convolutional network was constructed, which
consisted of a convolutional neural network stacked on top
of a long short-term memory layer.

-RESULTS: Of the 396 patients, 139 (35.1%) had a right-
sided perfusion deficit, 199 (50.3%) had a left-sided
deficit, and 58 (14.6%) had no evidence of a deficit. The
best model was able to achieve an accuracy of 85.8% on
validation data. Receiver operating characteristic curves
were generated for each class, and an area under the
curve (AUC) was calculated for each class. For right-sided
deficits, the AUC was 0.90, for left-sided deficits, the AUC
was 0.96, and for no deficit, the AUC was 0.93.

-CONCLUSIONS: The field of machine learning, powered
by convolutional neural networks for the task of image
recognition and processing, has quickly developed in
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Abbreviations and Acronyms
3D: 3-Dimensional
AUC: Area under the curve
CNN: Convolutional neural network
DICOM: Digital Imaging and Communications in Medicine
LSTM: Long short-term memory
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recent years. We constructed an artificial neural network
that can identify and classify the presence and laterality of
a perfusion deficit on CT perfusion imaging.
INTRODUCTION
maging has become an important tool within the field of
medicine for the diagnosis and treatment of various diseases.
I Few specialties rely so heavily on computed tomography (CT)

and magnetic resonance imaging (MRI) as the neurosciences.
Within the field of stroke intervention, head CT scans with
perfusion imaging have become crucial in the selection of patients
for mechanical thrombectomy and have been proved to success-
fully aid in patient selection.1-3 The desire for reliable and auto-
mated image recognition has led to the development of software
packages such as the RAPID (iSchemaView, Redwood City, Cali-
fornia, USA), which has been used to accurately identify the final
stroke volume in patients with acute ischemic stroke. RAPID has
been shown to accurately predict the final infarct volume from CT
and MRI perfusion imaging studies using deconvolutional
algorithms.4

In recent years, deep machine learning has rapidly evolved and
found applications in a wide variety of health care tasks, such as
automatic detection of colonic polyps, staging for lung cancer, and
analyzing brain MRI studies for the presence of brain tumors.5-12

Within the field of machine learning, convolutional neural net-
works (CNNs) have been shown to be well suited to image
MRI: Magnetic resonance imaging
ROC: Receiver operating characteristic
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Figure 1. Representative collage of postprocessed images fed into the
neural network showing 1 slice across 22 time steps in a patient with a
left-sided occlusion. Delayed opacification of the left middle cerebral artery

territory and delayed washout of contrast of the left middle cerebral artery
territory were also present.
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recognition and classification. These networks boast hundreds
and, in some cases, thousands of convolutional layers and have
demonstrated a top error rate of w5% on certain image recog-
nition tasks.13,14 Such networks are well suited to image
WORLD NEUROSURGERY 124: e10-e16, APRIL 2019
classification and workflow automation. We report our initial
experience with training a neural network to predict the presence
and laterality of a perfusion deficit in patients with acute ischemic
stroke. This will lay the foundation for further work with
www.journals.elsevier.com/world-neurosurgery e11
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Table 1. Training Phase Data Sets

Data Set Right Left Normal Total

Training 124 (34.8) 182 (51.1) 50 (14) 356 (100)

Validation 15 (37.5) 17 (42.5) 8 (20) 40 (100)

Total 139 (35.1) 199 (50.2) 58 (14.6) 396 (100)

Data presented as n (%).
The training/validation split was 10%; no statistically significant difference was found in

the frequency distribution between the 2 sets (P ¼ 0.478).
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unsupervised machine learning using convolution and recurrent
neural networks in the field of neuroimaging.

METHODS

Data Selection
A retrospective analysis of a prospectively maintained database
was performed to identify all patients who had undergone
thrombectomy for anterior circulation large vessel occlusion from
December 2012 to April 2015 at our institution. We used an
institutional review boardeapproved protocol. The CT perfusion
scans and radiology reports of the selected patients were collected.
At our institution, CT perfusion imaging is performed by obtain-
ing contrast-enhanced CT head imaging with perfusion analysis
using a 30-second delayed Omnipaque 350 iodinated contrast
tracer and multiple acquisitions over time on Siemens CT scanners
(Siemens Healthcare, Erlangen, Germany), with a slice thickness
of 5 mm. These data are then postprocessed using the Siemens
syngo Volume Perfusion CT Neuro package to obtain the mean
transit time, time to peak, cerebral blood flow, and cerebral blood
volume parametric maps. These are interpreted by attending
neuroradiologists.
The radiology reports of the patients who had undergone me-

chanical thrombectomy were reviewed to determine the presence
of a left- or a right-sided perfusion deficit. To qualify for me-
chanical thrombectomy, the patients were required to have a
perfusion mismatch of �50% in the affected territory. Thus, this
was used as a surrogate to select patients with a mismatch who
had been deemed eligible candidates for thrombectomy. Each
study was assigned a label according to the neuroradiologists’
evaluation. Additionally, the radiology reports of the CT perfusion
scans from May 2017 to September 2017 were reviewed. Any study
for which the attending neuroradiologist had not reported a
perfusion abnormality was collected and considered to show no
deficit. Uninterpretable studies, because of poor bolus timing or
motion artifact, were not included. The Digital Imaging and
Communications in Medicine (DICOM) files of the contrast-
enhanced CT head sequences with contrast tracer obtained over
time (dynamic multiphase 4-dimensional [4D]) were collected for
preprocessing.

Preprocessing Protocol
Each study’s dynamic multiphase 4D DICOM files were used to
construct 3-dimensional arrays of Hounsfield units extracted from
the DICOM data and resampled into 1 mm � 1 mm � 1 mm
isometric voxel volumes using spline interpolation along the z
axis. We did not map the images to an atlas or use any motion
correction. These were then segmented by choosing a Hounsfield
range of 0e500 U, leaving only the brain parenchyma and
contrast. We stacked the 3-dimensional (3D) arrays along the time
axis, creating a 4D representation of each study in Hounsfield
units. Variety was present in the size of the 3D studies and time
steps owing to the different scanners used for acquisition; thus, to
generate a uniform study size, we cropped the 4D array into
studies with a resolution of 207 � 166 � 95 volumes distributed
over 22 time steps (Figure 1). Data augmentation was used by
e12 www.SCIENCEDIRECT.com WORLD NE
randomly flipping studies along the z or y axis, or both. These
arrays were normalized by feature scaling to a range of 0 to 1.

Artificial Neural Network Architecture
A long-term, CNN was constructed consisting of a 3D-wide con-
volutional residual network (described by He et al.13,14 and
expanded on by Zagoruyko and Komodakis15) stacked on top of a
long short-term memory (LSTM) layer. The 3D volume was used to
extract the spatial features, and the outputs were sent to a global
average pooling layer, followed by the LSTM layer over the time
axis to extract the temporal features, and then classified into a left-
or right-sided perfusion deficit or no deficit (Supplemental
Figure 1).
The models were trained using a categorical cross-entropy loss,

with an RMSprop optimizer. L2 weight regularization was used on
convolutional layer kernels, and batch normalization was used
throughout the model. Owing to the size of the individual data
files and memory constraints, we opted to train on batch sizes of
6. Dropout layers were placed within the wide residual network
block, as described by Zagoruyko and Komodakis15,16 to aid with
overfitting.

Network Training
For the training phase, the data set was initially randomly split
into a training set consisting of 356 studies (90%) and a validation
set of 40 studies (10%). The distribution of left, right, and no
perfusion deficits was not significant between the initial training
and validation sets (P ¼ 0.478; Table 1). The network was tuned
using the training set, with the validation set used as a holdout
to monitor for overfitting. This training phase was performed
for 150 epochs. Several combinations of network sizes were
tested, with a network depth ranging from 2 to 4 and a
widening factor of 4 or 6. Dropout values of 0.2, 0.3, and 0.4
were tested. Learning rate annealing was used, with a decrease
in the learning rate after 30 epochs and no improvement in
validation loss. The network was constructed using Keras, with
Tensorflow backend, and run on an Arch Linux workstation
with a Titan XP graphics processing unit donated by NVIDIA
(Santa Clara, California, USA).

Network Validation
Once an optimal network had been trained, the entire data set was
split into training and validation sets using stratified K-fold cross-
UROSURGERY, https://doi.org/10.1016/j.wneu.2018.10.084
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Figure 2. Training and validation accuracy over a
number of epochs for the best model, represented as 3

period moving average (per. Mov. Avg.) trend lines
during the training phase.
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validation, with a K of 10. The best network was then validated
over 10 folds, each consisting of 100 epochs, and the average ac-
curacy was calculated.
Statistical Analysis
The scikit-learn python library was used to generate data sets for
stratified K-fold cross validation. A c2 test for independence was
performed on the distribution frequency of the initial training and
validation sets, with P value of <0.05 considered statistically sig-
nificant. Receiver operating characteristic (ROC) curves were
generated for each of the 3 classes and an area under the curve
(AUC) was calculated for each class using the best performing
network.
Figure 3. Receiver operating characteristic (ROC) curve for each diagnostic
class examined (right-sided perfusion deficit, left-sided perfusion deficit,
and no perfusion deficit), with an area under the curve for each class,
generated using the best performing network.
RESULTS

A total of 396 perfusion series were reviewed and processed. Of the
396 patients, 139 (35.1%) had a right-sided perfusion deficit, 199
(50.3%) had a left-sided deficit, and 58 (14.6%) had no evidence of
a deficit.
Six models were initially trained, with the best model achieving

a validation accuracy of w87.5% during the training phase. This
model had an LSTM hidden layer size of 2048, a widening factor
(k) of 6, a depth (n) of 4, and a dropout rate of 0.3 (Figure 2). The
size of the LSTM hidden layer did not seem to affect the speed of
the model convergence. The model depth appeared to reduce the
validation loss, because models with a depth of 2 had a loss of
almost twice as much as those with a depth of 4. Increasing the
dropout rate also appeared to help with model convergence.
Finally, increasing the widening factor also led to faster
convergence. This model was validated using stratified K-fold
cross validation for 10 folds on the entire data set, which
yielded an average accuracy of 85.8% � 0.118%.
ROC curves were created, and the AUC calculated. For right-

sided deficits, the AUC was 0.90, for left-sided deficits, the AUC
was 0.96, and for no deficit, the AUC was 0.93 (Figure 3).
WORLD NEUROSURGERY 124: e10-e16, APRIL 2019
DISCUSSION

Recent years have seen a significant growth in the field of machine
learning, powered by advances in graphic processor unit tech-
nology and an abundance of training data. Within machine
learning, artificial neural networks have received attention.17-22

CNNs, which were described in 1998 by LeCun et al.,23 are
particularly well suited to process and extract features from
images and have been expanded and successfully trained for
image recognition tasks and segmentation.24,25 The neurosci-
ences have also been an attractive target for classification and
segmentation tasks powered by CNNs. CNNs have been used in
anatomy segmentation tasks on brain tumors or to detect and
www.journals.elsevier.com/world-neurosurgery e13
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segment a variety of brain lesions on MRI.26-32 Additionally, work
has been performed on accurate quantification of cerebrospinal
fluid on nonecontrast-enhanced head CT images.33 Within the
field of stroke, interest has been increasing in applying these
methods to automate a variety of imaging-related tasks, such as
the early detection of acute ischemic stroke or correctly identifying
infarcted and hypoperfused tissue, predict the final infarct vol-
ume, or predict functional outcomes.34-37

Designing a Neural Network Architecture
In constructing our model, we decided to use deep artificial neural
networks given the success of multilayered CNNs tasked with
object recognition and classification. Much work has been done in
the field of machine learning and computer vision; however, a
comprehensive review was beyond the scope of the present study.
For the present project, our task was to process studies consisting
of 3D-CT volumes distributed along a time dimension. Sedaghat
et al.38 found that training a network to identify orientation in
parallel improves performance. With CT scans, the difference in
orientation will be minimal, because most patients will be
placed in a similar orientation within the CT scanner; thus, this
method would likely not improve performance. Another
approach has been to train weak classifiers on both voxels and
pixels and then construct an ensemble of the 2.39 With respect
to the time-distributed data, a variety of methods have been re-
ported for the classification of videos, including using 2-stream
CNNs on spatial and temporal features, which are represented
as optical flows.40-43 Using a 4D CNN for the analysis of a
temporally distributed head CT scans was not computationally
feasible with the present data set. LSTM networks, a variant of
recurrent neural networks, have been used to process temporal
data sequences and have found use in the field of natural language
processing.44-48 The addition of a temporal dimension to CT im-
aging with perfusion imaging made the use of an LSTM layer an
attractive option, because the contrast bolus washing in and
washing out over time provided the basis of the perfusion maps.
In several areas, our architecture could be improved. Most

obviously, with the addition of more samples, we would expect the
model would improve in performance. Additionally, transfer
learning has been shown to improve performance in segmentation
tasks in biomedical imaging and could be beneficial in this case,
in addition to using pretrained architectures to extract 2-dimen-
sional features, stacking those features, and feeding the 3D rep-
resentation into an LSTM.49-51 Assembling models and adding a
support vector machine, in addition to the features extracted from
a network, have been shown to also improve performance and are
options for future improvements to our model.24,52,53 Finally, by
not cropping the time dimension and including the full study,
more temporal information could be extracted. Despite not using
conditional random fields for the 3D volume features or optical
flows for temporal features and with minimal preprocessing, we
were able to construct a relatively simple neural network with
reasonable performance.

Clinical Implications
Our initial efforts yielded a neural network that achieved an ac-
curacy of �85.8% after stratified K-fold cross-validation, with high
AUC scores for each class, especially when tasked with identifying
e14 www.SCIENCEDIRECT.com WORLD NE
the presence or absence of a perfusion deficit (AUC, 0.93). The
input to our network were the dynamic multiphase 4D sequences.
Because the input into the model was the preprocessed Dyna CT
data, there are potentially several features that the architecture
could have used to classify the studies. Because the vessels were
not segmented, 1 potential feature could be the detection of a large
vessel occlusion, which would not require time-based analysis.
Another feature could be Hounsfield unit attenuation over time in
downstream microvascular territories. The network’s predictions
were tested against trained neuroradiologists’ interpretations of
the CT perfusion maps. This suggests that such models could aid
in the timely detection of perfusion deficits. The present work
represents our initial experience with artificial neural networks
and serves as a proof-of-concept for an architecture and pipeline
that could be used as the basis of future work.
Several software packages are available that assist in the

detection of acute ischemic stroke and automatically calculate
perfusion mismatch volumes and core infarct volumes via
complicated mathematical algorithms such as the Brain CT
Perfusion Package (Philips Healthcare, Eindhoven, The
Netherlands), Syngo Volume Perfusion CT Neuro (Siemens
Healthcare, Erlangen, Germany), and RAPID (iSchemaView,
Redwood City, California, USA).54 This software is based on work
that was initially calculated using quantitative perfusion parameter
maps from diffusion-weighted MRI.55 RAPID CT perfusion defines
the core infarct as a reduction in the relative cerebral blood flow to
<30% of that in normal tissue and can redefine the thresholds of
its outputs to generate new maps.56 Such imposed parameters are
a potential source of bias. RAPID’s CT perfusion processing time
ranges from 3 to 10 minutes; however, in 9% of cases, expert
assessment overruled the RAPID mismatch classification.57

Nonetheless, RAPID has been an essential and successful part of
many recent clinical trials.58-60 We believe that similar results
can be achieved with CNNs, potentially by using the improve-
ments discussed previously, and without the necessity of post-
processing into perfusion maps. Although RAPID was not
available at our institution, we believe that our pipeline could serve
as the basis for future investigation comparing neural
network-based classification of perfusion deficits.

Study Limitations
We acknowledge several limitations with the present study. The
data set was weighted toward abnormal classes, with only 14.6%
of the studies showing no perfusion deficits and more than one
half (50.2%) of the studies representing a left-sided perfusion
deficit. Nonetheless, our model was able to achieve a high AUC on
the ROC curves and did not suffer from the accuracy paradox. The
data set was manually selected, and we selected from a patient
base deemed candidates for mechanical thrombectomy as a sur-
rogate for detecting a perfusion mismatch with a <50% infarcted
core. Although this introduced bias, the purpose of our model was
to investigate architectures that could be used to classify patients
into those with perfusion mismatches that could undergo inter-
vention. As such, this approach serves to mirror our clinical
practice. In contrast, our findings are limited by a single in-
stitution’s approach to mechanical thrombectomy, and future
studies are needed to validate the model using multicenter data.
Finally, our model did not segment or calculate perfusion volumes
UROSURGERY, https://doi.org/10.1016/j.wneu.2018.10.084
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like other commercially available software packages. Future pro-
jects will serve to investigate these shortcomings.

CONCLUSION

The field of machine learning, powered by CNNs for the task of
image recognition and processing, has quickly developed in recent
years. By leveraging these new advances with the field of
WORLD NEUROSURGERY 124: e10-e16, APRIL 2019
neuroimaging, we have constructed a simple artificial neural
network that can identify and classify the presence of a perfusion
deficit and the laterality on CT perfusion imaging studies. The
present study serves as a proof-of-concept, highlighting 1 of the
many possible uses for such technology, which we hope will ulti-
mately assist in automating identification tasks and improving the
time to diagnosis.
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