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Abstract
Aneurysm size correlates with rupture risk and is important for treatment planning. User annotation of aneurysm size is slow and
tedious, particularly for large data sets. Geometric shortcuts to compute size have been shown to be inaccurate, particularly for
nonstandard aneurysm geometries. To develop and train a convolutional neural network (CNN) to detect and measure cerebral
aneurysms frommagnetic resonance angiography (MRA) automatically and without geometric shortcuts. In step 1, a CNN based
on the U-net architecture was trained on 250 MRA maximum intensity projection (MIP) images, then applied to a testing set. In
step 2, the trained CNN was applied to a separate set of 14 basilar tip aneurysms for size prediction. Step 1—the CNN
successfully identified aneurysms in 85/86 (98.8% of) testing set cases, with a receiver operating characteristic (ROC) area-
under-the-curve of 0.87. Step 2—automated basilar tip aneurysm linear size differed from radiologist-traced aneurysm size on
average by 2.01 mm, or 30%. The CNN aneurysm area differed from radiologist-derived area on average by 8.1 mm2 or 27%.
CNN correctly predicted the area trend for the set of aneurysms. This approach is to our knowledge the first using CNNs to derive
aneurysm size. In particular, we demonstrate the clinically pertinent application of computing maximal aneurysm one-
dimensional size and two-dimensional area. We propose that future work can apply this to facilitate pre-treatment planning
and possibly identify previously missed aneurysms in retrospective assessment.

Keywords Deep learning . Convolutional neural networks . U-net . Aneurysm . Cerebral aneurysm .MRA

Introduction

Cerebral aneurysms have the potential to cause non-traumatic
subarachnoid hemorrhage (SAH), which can result in imme-
diate or delayed morbidity and mortality due to, among other
phenomena, vasoconstriction in the post-bleeding state and
resulting infarction. Various risk factors for aneurysm rupture

have been identified, such as age, gender, and cigarette
smoking as well as aneurysm size and location [1–4].

Location is a particularly important predictor of rupture for
posterior circulation aneurysms, with those located at the bas-
ilar tip having the highest risk of rupture [5]. Basilar tip aneu-
rysms receive the highest location score toward recommenda-
tion of treatment on the Unruptured Intracranial Aneurysm
Treatment Score (UICATS) [6], since they supply particularly
vital territory including the brainstem and basal ganglia. Thus,
rupture of a basilar tip aneurysm can be particularly devastat-
ing, if not fatal upon presentation. Per UICATS, 4 mm is the
size cutoff above which treatment should be considered [6].
As such, accurate detection and size estimation of basilar tip
aneurysms is especially clinically important.

However, aneurysms can be missed by radiologists [7, 8].
When found, they are often followed by serial imaging or treat-
ed with coils and/or clipping. To help reduce false negative
reads and decrease or eliminate inter- and intra-observer vari-
ability, automated methods of aneurysm detection have been
introduced. These have until recently relied on pre-supplied
characteristics or features of the images, such as vessel
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curvature [9, 10], thresholding [11] or a region-growing algo-
rithm [12]. More recently, deep learning via a convolutional
neural network (CNN) has been successfully implemented
using a patch-based method applied to MIP MRA images [13].

First described by Long et al. [14], fully convolutional
neural networks, utilized in medical imaging analysis, result
in a dense classification output matrix equivalent in size to the
original input image. Here, we utilize a U-Net fully
convolutional architecture described by Ronneberger et al.
[15] that uses a symmetric contracting and expanding path
with skip connections resulting from the correspondingly
cropped feature map from the contracting path. CNN algo-
rithms based on this architecture can provide pixel-wise esti-
mations and therefore can be useful for more detailed spatial
predictions, such as aneurysm size.

Aneurysm size is a key risk factor for hemorrhage and an
important consideration in treatment risk. Automated aneu-
rysm size determination and flagging of aneurysms above a
given threshold size can thus be an important application of
CNNs and can allow for pre-populating of radiology reports to
improve throughput, in addition to providing a remedy for
inter-observer variability in size estimations. We have thus
sought to automatically detect cerebral aneurysms from
MRA images and generate size predictions for the clinically
important subclass of basilar tip aneurysms. The present work
applies CNNs to two-dimensional (2D) MIP images.
Ultimately, in order to be more clinically useful, future work
will focus on CNNs to predict aneurysm location and measure
volume for full three-dimensional (3D) image volumes.

Methods

Awaiver of informed consent was obtained for this retrospec-
tive study, which was approved by our medical center’s
Institutional Review Board.

Step 1: Training and Testing the CNN

For training and testing of our CNN, 336 bright-blood MIP
images from MRAs from 302 patients were analyzed. Of
these, all but 3 were obtained using a time-of-flight technique,
while 3 were obtained with intravenous gadolinium. All im-
ages were positive for aneurysm, as determined by the asso-
ciated finalized radiology report. The 336 images were each
single images of a different aneurysm or different aneurysm
viewing angle. Some patients had multiple aneurysms that
were analyzed, and in a few cases, the same aneurysm was
analyzed at a different viewing angle. Aneurysm size lower
cutoff was 3 mm, to correspond with the lower limits of diag-
nostic accuracy using the time-of-flight algorithmwith a range
of up to 23 mm. Aneurysm location included carotid arteries,
proximal portions of the middle cerebral arteries, anterior

communicating arteries, vertebral arteries, posterior commu-
nicating arteries, basilar artery, and distal branches of the an-
terior, middle, and posterior cerebral arteries.

Data was collected on 1.5- and 3-T scanners at our institu-
tion and obtained from the PACS database as png files using
FastStone Capture 9.0 for screen capturing. Resolution was on
average 1 mm per pixel. MIPs were obtained from one slice
through the entire volume every 10° of rotation about the x
and z axes. Angles for image capture were selected so that the
aneurysm was in profile. When the appropriate angle was
selected, a single image was manually selected around the
aneurysm.

Depending on the size of the rectangular region selected by
the screen capture, the dimensions of the images varied.
However, theywere all resized to be 256 × 256 squared pixels.
All images were positive for aneurysm. Screen capture rect-
angular regions were obtained with the aneurysm generally
occupying a substantial portion of the two-dimensional field-
of-view in order to ensure that the CNN downsampling steps
did not erase or significantly diminish the aneurysms in the
corresponding network layers. It should be noted that selec-
tion of 2D MIP images in this fashion, though convenient for
this proof-of-principle study, would not be readily applicable
in routine clinical scenarios. Ultimately, a generalization to
segmentation of fully 3D image volumes is needed for this
utility.

For each thusly selected 256 × 256 squared pixel image, a
region-of-interest (ROI) was traced around the aneurysm by a
fourth-year radiology resident (JNS) using Matlab R2017a
(Mathworks, Natick, MA). This resulted in a binary mask
image consisting of ones in the position of the aneurysm and
zeros outside.

Of the 336 image files, 250 were selected randomly for
training and validation, and the remaining 86 images were
reserved for testing. The set of 250 training and validation
images was augmented by (1) random vertical and horizontal
image flips; (2) random image rotation by 0 to 360°; (3) ran-
dom affine shear; (4) random displacement by − 10 to + 10
voxels in row and column directions; and (5) random scaling
by 75 to 150%. In so doing, an additional 250 images were
generated, for a total of 500 images. The image files were
normalized to have zero mean and unit standard deviation,
in order to reduce network susceptibility to covariate shift.
At this point, 80% of the 500 images were assigned randomly
for training and the other 20% for validation.

Training was performed using Python 3.7.0 and the pack-
ages Tensorflow and Keras on a workstation with three 1080
NVIDIATi GPUs (11 Gigabytes each) with two 18-core 2.10
Gigahertz Intel Xeon E5-2695 v4 CPUs and 256 GB system
RAM. The aneurysm images were used as input to a 20-layer
neural network based on the U-net (Fig. 1), which has been
shown to be effective for medical image segmentation
[16–18]. Briefly, the U-net is a CNN that consists of
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contracting and expanding paths as well as a connection path
to combine features from the contracting and expanding paths.
The contracting path reduces the size of the image feature map
as it is passed through successive layers, eschewing pixel-
dependent local information for larger scale contextual infor-
mation. The expanding path up-samples the low resolution
information from the contracting path, ultimately re-
establishing full pixel resolution of the input image [14, 15].

The training process of CNNs consists of successive itera-
tions of forward followed by backward propagation. The for-
ward propagation involves feeding input images into the net-
work, ultimately returning corresponding output sets of per-
pixel likelihood predictions of being within an aneurysm.
Comparing this output with the user-annotated mask images
yields a loss, calculated here as the negative Dice coefficient
D, which measures the overlap between the user-annotated
aneurysm mask and the CNN-predicted mask:

Loss ¼ −D ¼ −
2� X∩Yj j
Xj j þ Yj j ð1Þ

Backpropagation uses the loss function to update parameter
values by the steepest gradient descent method. Given a set of

N model weight parameters wif gNi¼1, the direction of steepest
descent is calculated via

−∇L ¼ −

∂L
∂w1
⋮
∂L
∂wN

0
BBB@

1
CCCA ð2Þ

The updating process to minimize loss is performed via the
Adam optimization algorithm with step length 1 ∗ 10−5. The
model was trained for 60 epochs, after which improvement in
accuracy of the prediction and loss values leveled off (Fig. 2).
Training time was around 15 min.

Initial weights were randomly selected with a mean of zero
according to the default Keras Glorot initialization. This is a
standard initialization scheme for CNNs that tunes the vari-
ance of the weights to yield activation functions compatible
with effective training.

At this point, the 86 test set aneurysm MIPs were run
through the trained CNN. Four examples of testing set MIPs
with superimposed CNN mask predictions are displayed in
Fig. 3, where no size threshold has been applied to those
predictions.

A receiver operating characteristic (ROC) curve was
calculated by varying size threshold for predicted pixel
groups or Bclusters^ (Fig. 4). For a given threshold value
Φ, only predicted aneurysm clusters of size greater than Φ
were accepted. The number of true positives consisted of
the number of images in the 86 testing set predictions
Mmodel for which clusters Ci of size exceeding Φ have a
nonzero overlap with the user-annotated aneurysm mask
Muser. The number of false positives was calculated as the
number of predictions with clusters that do not overlap
Muser (even if one cluster in the image does overlap Muser,
the presence of a likely smaller predicted region that does
not overlap makes this prediction a false positive). The
number of false negatives consisted of the number of im-
ages for which no aneurysm was predicted, which was
simply the total number of predictions, 86, minus the num-
ber of true positives. Finally, the number of true negatives
was defined by noting that the image space in a given
image outside of the aneurysm constitutes an image that
lacks an aneurysm. We define this space as that outside of
the union of the user-annotated aneurysm mask Muser and
any predicted aneurysm that overlaps said mask Mmodel,
i.e., the complement of the union (Muser ∪Mmodel)

∁. In or-
der for a prediction to be a true negative, there should be no
predicted clusters outside the union, i.e., the following
condition should be satisfied:

Fig. 1 Illustration of the U-net architecture employed for training of
aneurysm MIP images. An example training image is shown on the left,
which acts as input that is fed through successive layers of the network in
the forward propagation component of training and predicts an aneurysm

mask on the right. The numbers above each group of layers in the
presented network correspond to the number of channels of the
corresponding patch size
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∑Nb
i¼1 Ci∩ M user∪Mmodelð Þ∁

� �
¼ 0 ð3Þ

where Nb is the total number of predicted clusters in the
image.

Step 2: Application to Basilar Tip Aneurysms

With the aforementioned clinical parameters in mind, and
having trained our CNN, we subsequently retrieved 14 time-
of-flight MRA, basilar tip aneurysms from the PACS database
that were distinct from the training and testing set. We
imported the corresponding MIP dicom images from the

PACS workstation into Matlab, in which the images were
cropped in the regions around the aneurysms. All images were
resized to 256 × 256 pixels.

At this point, the images were saved as *mat files and
imported into Python, in which they were normalized in a
similar manner as was done for the training and testing set
and then run through the trained CNN. Output prediction
masks then underwent a morphological opening before
being exported back into Matlab. Small regions of pre-
dicted aneurysm of less than 100 pixels were then re-
moved (corresponding to being in a slightly higher
specificity/lower sensitivity portion of the ROC curve in
Fig. 4), leaving a single largest mask region. Of the 14

a b

c d

Fig. 3 Panels a–d depict four
examples of predicted aneurysm
masks (red) by the trained CNN
overlaid onto the corresponding
testing set MRA MIP images. Of
note, these predictions are without
size thresholding, so that small
non-aneurysmal predictions such
as the small red region in Fig. 3d

Fig. 2 Training process images for the aneurysm detection CNN.
Accuracy (left plot) and loss (right plot) of the training (blue) and
validation (orange) sets show improvement with longer training

(increasing epochs). Accuracy is calculated as the Dice coefficient and
loss is simply negative one times the Dice coefficient
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images analyzed, 13 of them (93%) had nonzero masks
overlapping with the aneurysm in the corresponding MIP
image.

Surface margins of these 13 predicted aneurysm masks
were then calculated in Matlab via the command
bwboundaries. Then for each aneurysm mask, the set of dis-
tances between every possible pair of boundary points {xi, yi},
where i is on the mask boundary b, was calculated and the
maximum was taken to be the predicted maximum aneurysm
linear size:

lengthCNN ¼ maxi∈b xi; yif g ð4Þ

For comparison, the corresponding MIP images were an-
notated by JNS (fourth-year radiology resident) for maximum
length. Area was calculated simply as the total number of
pixels in the aneurysm masks multiplied by the per-pixel res-
olution in mm2.

Results

Step 1: Training and Testing the CNN

After training our CNN with the 500 training images, we
tested on a set of 86 images. Pixel-wise predictions were
rounded to the nearest integer (zero or one), where one indi-
cates overlap with an aneurysm and zero no overlap. Of the 86
predictions with no size thresholding, we achieved nonzero
overlap between predicted aneurysm and user-annotated an-
eurysm in 85 images, for an accuracy of 98.8%. Four exam-
ples of the prediction and original MIP images are displayed
in Fig. 3. The ROC curve is shown in Fig. 4. The correspond-
ing area-under-the-curve (AUC) was calculated to be 0.87.

Step 2: Application to Basilar Tip Aneurysms

The CNN automated basilar tip aneurysm linear size predic-
tion differed on average from the radiologist-annotated maxi-
mum aneurysmal dimension by 2.01 mm or 30%. This differ-
ence is noted to be within the interclass size spacing in the
UICATS score, so that clinical management would be the
same in many cases. An example of CNN-predicted length
versus radiologist-annotation is displayed in Fig. 5. The
CNN prediction for aneurysm area differed from the
radiologist-derived area by an average value of 8.1 mm2 or
27%. Figure 6 displays how the overall trend of aneurysm size
is faithfully replicated by the CNN prediction. The R-value in
the best fit line displayed in that figure comparing CNN-
predicted area versus user-annotated area is 0.67 with a corre-
sponding p value of 0.01.

Fig. 4 Receiver operating
characteristic curve for the 86 test
set images

Fig. 5 Example MIP image of a basilar tip aneurysm with user-annotated
maximum dimension/size (green line segment). Also overlaid with the
MIP is the CNN-predicted aneurysm mask (red) along with the
automatically predicted maximum aneurysm based on said mask (blue
line segment)
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Discussion

Though prior work has shown that CNNs can detect cerebral
aneurysm presence and location accurately [13], deep learning
has not to our knowledge been used to predict aneurysm size.
The present work demonstrates that semantic CNNs can de-
rive aneurysm size. Our CNN is particularly well-suited to this
task, since it computes aneurysm presence and location on a
per-pixel basis with a multi-resolution approach with a U-net-
based architecture. Extension to three-dimensional volume
predictions is anticipated to be straightforward.

Accurate and fast predictions of aneurysm volume can
have a variety of clinical and research applications. Previous
work has found that simplified geometric approximations of
aneurysm volume are inherently inferior to voxel summation,
particularly for irregularly shaped aneurysms [19, 20]. On the
other hand, user-performed segmentation for full voxel
counting and summation is time-consuming. It would, for
example, be unfeasible to measure aneurysm size for data sets
numbering in the thousands that could power large studies.

An important clinical application involves coil emboliza-
tion for aneurysm treatment. BPacking,^ defined as the ratio of
coil volume to aneurysm volume, is an important quantity for
aneurysm treatment, whose value depends on volume.
Reliable packing value calculations can guide treatments by
determining the amount of coil material needed to prevent
aneurysm lumen reopening, which can result in rupture
[21–24].

Area and volume have both been demonstrated in con-
trolled experiments to be important indicators of aneurysm
rupture risk [25, 26]. We propose that in future research, based

on extending the current work to 3D CNNs with larger train-
ing sets, aneurysm volume could be correlated with incidence
of rupture in a large retrospective cohort. This would be fea-
sible with our approach because, as measured above, there is
no reliance on inaccurate geometric volume formulas and
using trained CNNs avoids time- and labor-consuming man-
ual tracing of aneurysm borders.

Our CNN showed high accuracy and AUC values, even
with a relatively small pre-augmentation training/validation
set of 250 images. The algorithm was in turn able to predict
linear size of the aneurysm to within a small enoughmargin of
user predictions to lie within the UICATS interclass size gra-
dations, and to predict the correct trend in aneurysm area in
comparison with radiologist segmentation.

This work builds on prior efforts to detect/predict aneu-
rysms [13] with CNNs by obtaining a per-pixel semantic seg-
mentation and then leveraging this to automatically derive
aneurysm size. It is anticipated that CNN mask predictions,
and thus size predictions, would become progressively more
accurate with larger volumes of training data. It should also be
noted that some of the discrepancy between CNN basilar tip
aneurysm size predictions and radiologist measurements may
be due to undersampling, given the small number of these
aneurysms larger than 4 mm that were identified for retrieval.

The higher sensitivity portion of the ROC curve would be
particularly useful as a first or second adjunct reader for de-
tection of small aneurysms. This could in practice reduce false
negative interpretations and/or help triage unread cases for
expedited review. As for any machine learning tool, the reduc-
tion in false negatives would in clinical practice need to be
balanced against the workflow interference of false positives.
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Fig. 6 Comparison of aneurysm
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CNN-based aneurysm area and
the corresponding radiologist
predictions. The best fit line is
displayed in green
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Important limitations to the work presented here include
the fact that all images were two-dimensional MIPs. Images
were obtained as patches around the aneurysms, so that a
relatively large proportion of the image space was taken up
by the aneurysms. Normal vessel curvature, such as in the
tortuous course of the internal carotid arteries, can hinder
two-dimensional MIP images because a normal bend in vas-
culature may appear from a certain projection as a focal
outpouching, i.e., an aneurysm.

As stated above, future work will involve fully three-
dimensional MRA and CTA image stacks in order to be more
useful clinically and in research. Such an implementation is
anticipated to necessitate more training images, since the an-
eurysms will take up a lesser proportion of the three-
dimensional image space and image patches around the aneu-
rysm will be eschewed in favor of the full scanner-derived
field of view.

Conclusion

Artificial intelligence implemented as a CNN can predict an-
eurysm size with some degree of accuracy. Future work will
expand the approach to fully three-dimensional data sets and
include more training cases for better accuracy. This may en-
able large-scale automated extractions of aneurysm volumes
for research and clinical applications.
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