10

15

20

25

30

WO 2019/106061 PCT/EP2018/082925

THREE-DIMENSIONAL MEDICAL IMAGE ANALYSIS METHOD AND SYSTEM
FOR IDENTIFICATION OF VERTEBRAL FRACTURES
[001] The present invention relates to medical image analysis and provides a system and a method for

identification of bone fractures in 3D images, more specifically vertebral fractures.

BACKGROUND

[002] Osteoporosis is a disease affecting bones where increased bone weakness increases the risk of
bone fractures. Common osteoporotic fractures occur in the vertebrae in the spine, the bones of the
forearm, and the hip. Every 3 seconds an osteoporotic fracture occurs, with vertebral fractures being
the most common (Johnell e al, 2006). Vertebral fractures are predictive of subsequent fractures, e.g.
patients with moderate or severe vertebral fractures have 4.8 to 6.7 times higher risk of subsequent hip
fracture (Buckens et al., 2014). Roux et al demonstrated that 1 out of 4 patients with incident mild
vertebral fractures will most probably have a fracture again within subsequent 2 years (Roux et al.,

2007).

[003] Clinical assessment of vertebral fractures is difficult because many patients are unaware that
they have suffered a vertebral fracture. It is estimated that only one-third of vertebral fractures come
to clinical attention (Cooper et al., 1992) and 54% of vertebral fractures are under-reported by
radiologists in spine-containing CT (Mitchell ez al., 2017). Despite efforts from the International
Osteoporosis Foundation to raise awareness of vertebral fractures and provide training on vertebra
fracture detection, bone care givers in clinical centers have little means for screening and early-stage

diagnosis of patients with vertebral fractures.

[004] Common approach to image analysis for radiologists involves looking at a specific 2D slice of a
3D image depending on the question posed. This limits the image analysis step to a specific question
and eliminates potentially valuable information in the original 3D image. Current radiology practice
grades vertebral fractures according to Genant's semi-quantitative Vertebral Fracture Assessment
(VFA) method (Genant ef al., 1993). This method assesses the vertebral body morphology in X-ray
images or at/around the mid-sagittal plane in 3D image modalities (CT, MR). As reported in Buckens
et al. (2013) the intra and inter-observer reliability and agreement of semi quantitative VFA on Chest

CT is far from trivial on patient and vertebra level.

[005] Vertebral compression fractures vary greatly in appearance and extent (Schwartz and Steinberg,
2005). The majority of publications on vertebral fracture detection are inspired by how radiologists
apply the Genant’s classification: firstly, they attempt to segment the vertebrae at high accuracy,
secondly, the endplates are detected and, finally, the height loss of each vertebra is quantified in order

to detect vertebral fractures.



10

15

20

25

30

WO 2019/106061 PCT/EP2018/082925

[006] US 8,126,249 discloses a shape-based model method for detection osteoporotic fractures.
Klinder ef al. (2009) applies a model-based approach to automatically detect, identify and segment
vertebrae in CT. This method has been clinically validated in a cross-sectional and longitudinal study
mvolving 80 patients studied on one Siemens MDCT scanner. Anterior, middle and posterior height
decrease is used to report graded vertebral fractures from T5 to L5 according to the Genant
classification. Baum et a/. (2014) reports results for this method with ROC analysis on height ratio
and execution performance of 50 minutes on average per MDCT examination. (Yao et al., 2012)
detects and localizes compression fractures using an axial height compass that leverages 3D
information present in CT. This method has recently been discussed in a cross-sectional study
involving 150 patients with control group reporting the anatomical localization and categorization of
vertebral compression fractures from T1 to L5 by grade and type (Burns et al., 2017). This study
reports vertebral fracture detection with 95.7% sensitivity and 43 false-positive findings using a
private dataset of 1275 vertebrae of which 210 thoracic and lumber vertebral bodies are fractured.
These results build on a custom definition of vertebra fractures (minimum 10% height loss). A recent
publication discusses the use of Convolutional Neural Networks (CNN) and Recurrent Neural
Network (RNN) to detect compression fractures at patient-level in CT (Bar et al., 2017). This
algorithm uses a 2D CNN on sagittal patches extracted from a segmented spinal column and predicts
presence of one or multiple vertebral fracture in a patient image, without localization nor counting of

number of fractures.

[007] Buckens et al. (2013) discusses intra- and inter-observer variability and reliability of VFA on
CT using three patient- and two vertebra-level measures. The author concludes that the results
demonstrate acceptable reproducibility, yet the dataset uses a limited number of images (50) and
vertebra fractures (2-4%). A detailed analysis of the presented results shows that a data-driven method
using supervised learning has to deal with significant noise on the read-outs provided by a (group of)

radiologist(s).

[008] As clinical imaging data volumes keep growing steadily, developing a three-dimensional image
processing system and a method is a technical problem of great clinical importance to reduce inter-
observer variability and to allow for screening for vertebral fractures. The present invention provides
a technical solution in a computer environment by providing a three-dimensional image processing
method that analyzes specific data in the images for automated detection of bone fractures in 3D

images without performing a detailed segmentation of bone structures.
SUMMARY OF THE INVENTION

[009] The present invention provides a three-dimensional medical image analysis system for

predicting the presence of a vertebral fracture in a subject, comprising:
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a 3D image processor (101) for receiving and processing 3D image data of said subject,
producing two or more sets of 3D voxels, wherein each of the sets corresponds to the entire

said 3D image, and wherein each of the sets consists of equal voxels of different dimensions;

a voxel classifier (104) for assigning said voxels one or more class probabilities of a voxel to

contain a fracture using a computational model; and

a fracture probability estimator (103) for estimating the probability of the presence of a

vertebral fracture in said subject.
[0010] The present invention further provides medical imaging workstation comprising:
an imaging apparatus for generating at least one 3D image (1401) of a subject and

a system as disclosed herein for predicting the presence of a vertebral fracture in said subject

in at least one generated image.

[0011] The present invention further provides a three-dimensional medical image analysis method of

predicting the presence of a vertebral fracture in an individual, said method comprising the steps of:
receiving a 3D imaging data (201) comprising imaging information of the spinal cord;

processing said image and producing two or more sets of 3D voxels, wherein each of the sets
corresponds to the entire said 3D image, and wherein each of the sets consists of equal voxels of

different dimensions (202);

computing for each voxel class probability of a voxel to contain fracture using a computational

model (204);
identifying if any of said voxels are classified as containing a fracture (205); and

predicting the presence of a vertebral fracture (206) in said individual based on the identification

of said voxels classified as containing a fracture.

[0012] The present invention further provides a computer program comprising code means for
performing the steps of the method, wherein said computer program execution is carried on a

computer.

[0013] The present invention also provides a non-transitory computer-readable medium storing
thereon executable instructions, that when executed by a computer, cause the computer to execute the

method for predicting the presence of a vertebral fracture in an individual.
BRIEF DESCRIPTION OF THE DRAWINGS
[0014] The present invention is described below by reference to the following drawings, in which:

[0015] Figure 1 is a block diagram of a system for identification of fractures in a 3D image.
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[0016] Figure 2 shows a block diagram of a method for identification of fractures in a 3D image.

[0017] Figure 3 is a schematic drawing of the system for identification of fractures comprising

additional elements.

[0018] Figure 4 is a schematic drawing of the imaging workstation of the invention.

[0019] Figure 5 is a flowchart depicting operational steps of the 3D image processor

[0020] Figure 6 is a flowchart depicting operational steps of the spinal cord locator.

[0021] Figure 7 is a flowchart depicting operational steps of the voxel classifier.

[0022] Figure 8 is a flowchart depicting operational steps of the vertebra locator.

[0023] Figure 9 is a flowchart depicting operational steps of the vertebra anatomical label assignor.
[0024] Figure 10 is a flowchart depicting operational steps of the vertebrae classifier.

[0025] Figure 11 is a flowchart depicting operational steps of the image classifier.

[0026] Figure 12 shows the design of the CNN for voxel and final image classification.

[0027] Figure 13 shows four-fold cross-validation test results using the method described herein:
distribution of errors along spine after manual vertebra-level error analysis. FN = False Negative or

miss, FP = False Positive or false alert.

[0028] Figure 14 shows a sample image for which the method correctly classified the fractured

vertebrae with different fracture grades as well as all the normal vertebra.
DETAILED DESCRIPTION OF THE INVENTION

[0029] The present invention uses machine learning methods to analyze imaging data and make

predictions of bone fractures in 3D images, more specifically in CT images.

[0030] In particular the present invention provides a three-dimensional medical image analysis system
for predicting the presence of a vertebral fracture in a subject, comprising: a 3D image processor
(101) for receiving and processing 3D image data of said subject, producing two or more sets of 3D
voxels, wherein each of the sets corresponds to the entire said 3D image, and wherein each of the sets
consists of equal voxels of different dimensions; a voxel classifier (104) for assigning said voxels one
or more class probabilities of a voxel to contain a fracture using a computational model; and a fracture
probability estimator (103) for estimating the probability of the presence of a vertebral fracture in said
subject. Optionally such system may additionally comprise a spinal cord detector (102) for detection
of the part of said image comprising the spinal cord. This allows to reduce the number of voxels to be

analyzed and classified and significantly reduces the computer processing time.
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[0031] Each of the elements of the system is a sub-system that is performing a specific set of steps.
The exemplary steps for each of the sub-systems (elements) are illustrated in figures 5-12. Each of

such sub-systems can have one or more input data (or signals) and one or more outputs.

[0032] Figure 1 is a block diagram illustrating aspects of a three-dimensional medical image analysis
system for predicting the presence of a vertebral fracture in a subject. Only the elements relevant for
this disclosure have been illustrated. The system may be implemented, for example, using a suitable
one or more microprocessors. Additional elements of the system are illustrated in Figure 3. For
example, a computer program is provided on a computer-readable medium to implement the system
on said microprocessor. Said system might comprise a memory for storing the software, memory for
storing the data, communication port for communicating with other devices, for example, wired or
wireless network connection. Such port might be used to receive the image data and provide data and
processed signals produced by the system. The system may further comprise a user interface and a
user input device for interacting with it. Such system can be used to display the 3D images and the

results generated by the system.

[0033] The image processor (101) slits the 3D image data it receives into a set of 3D voxels. The
image processor (101) can receive said 3D image via a computer network or via another
communication port that is configured to interact with an image source. Such image source might be
an imaging database, an imaging computer, or an imaging apparatus recording such images. The 3D

image data might comprise image intensities, said image intensities having a signal dynamic range.

[0034] In one embodiment the image processor (101) produces a set of isotropic voxels of 1mm?. In
yet another embodiment the image processor produces two sets of voxels representing an entirety of
same image, including a set of first voxels of a first size and a set of second voxels of a second size.
In one embodiment, the first voxels may each be isotropic voxels of Imm? and the second voxels may
each be isotropic voxels of 3mm®. Such isotropic sizes significantly simplify the subsequent steps. In
one particular embodiment image processor (101) outputs a set of 3D voxels, wherein said 3D voxels

are anisotropic voxels.

[0035] In another embodiment said image processor (101) outputs a set of 3D voxels that are
normalized to mean and unit standard deviation of the intensities of said voxel. One normalizes voxel
intensities in an image to zero mean and unit variance. These additional pre-processing steps provide
uniform intensities and scales to the voxel classifier (104), avoiding the computational model to learn
this intensity normalization as a sub-task. When such image preprocessing steps are not performed
upfront, the machine learning model would have to implicitly learn this intensity normalization in the
training data set. If not, it would get ‘offset’ by variations in intensity ranges between different images

and would learn generalized image features relevant for the task.
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[0036] The spinal cord detector (102) uses maximum signal intensities to roughly locate the spinal
cord in said image data. In particular the signal intensities can be processed using Cumulative
Distribution Function (CDF) >= 0.9895. CDF is a statistical function that outputs the probability of
finding a value in a random variable (in this case signal intensity). The spinal cord detector locates
bone densities (very high intensity values in CT) by considering the intensities with very high CDF
values. The advantage of using CDF compared to just using image intensity values is its robustness.
While just using the intensity values allows to put a simple threshold on the intensity values, different
scanners provide slightly different intensity values for bone tissue and this might lead to less accurate
analysis. The use of a CDF allows to take into account the dynamic range of intensities making the
analysis more robust. Additionally the spinal cord detector (102) might use the anatomical prior
information to coarsely locate the spinal cord along the x, y and z axes. Abdomen and thorax CT
examinations contain a broad field-of-view to capture all tissues and analyze for a broad range of
indications. In principle voxel classification can be performed on every voxel of the image. The
present invention focuses on voxels around the spine to avoid unnecessary computations on voxels in

lungs, ribs, and other non-related anatomic structures.

[0037] The spinal cord detector (102) can utilize the signal intensities and location priors that are
valid for spine in CT images. More particularly, the hyper-intense bone intensities can be identified to
locate the spine boundaries as described above and refine this further observing that the spine is
located centrally along the x-axis (left to right) and posterior (except for cases of severe scoliosis)
along the body. The output image generated by the spinal cord detection is a spine-cropped volume

that reduces the volume of voxels to process further in downstream steps by a factor 15 on average.

[0038] The voxel classifier (104) can receive the 3D image data from either spinal cord detector
(102), e.g., in the form of at least two spine-cropped output images each having different voxel sizes,
or directly from 3D image processor (101), e.g., in the form of at least two images (two image data

sets) each having different voxel sizes.

[0039] In a particular embodiment the voxel classifier (104) classifies each of said voxels in said one

or more sets of voxels in the context of the surrounding voxels.

[0040] In more specific embodiment, the voxel classifier (104) classifies each of said voxels in the
context of the surrounding voxels, and classifies each of the voxels in the first set in the context of 30-
40 mm® of said voxels with the voxel of interest located in the center and each of the voxels in the
second set in the context of 90-120 mm?® of said voxels with the voxel of interest located in the center.
Specifically the first set of 3D voxels is a set of isotropic voxels of Imm?, and the second set of 3D

voxels is a set of isotropic voxels of 3mm?.

[0041] In a particular embodiment the voxel classifier (104) is utilizing a Convolutional Neural

Network (CNN). An example set of such network is provided in Figure 3. CNNs have been applied
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successfully to classification, object detection and segmentation tasks. CNN architectures have been
applied to various 2D image tasks and improvements such as batch normalization (Ioffe and Szegedy,
2015), inception modules (Szegedy et al., 2015) and residual connections (He ef al., 2016) have
pushed performance beyond human level in the ImageNet competition (classification of objects in
natural images). Surprisingly, only a small fraction of the published methods fully exploits the 3D
data structure available in CT and MRI. Recent work from Cicek er al. (2016) and Kamnitsas et al.
(2017) have successfully applied 3D CNNs to microscopy and MRI images with architectures

optimized to cope with the increased memory and computations.

[0042] CNNs are built up of layers that each process individual voxels using convolutions that slide a
filter window across the entire input image. The filter size determines how many voxels contribute to
the output of the center voxel (e.g. a 3D filter of size 3x3x3 implies that the center voxel outputs a
weighted sum of intensities from all the neighboring voxels). Typically, every layer has multiple
filters to learn various features and a CNN consists of multiple layers to build a sufficiently large
receptive field. The receptive field can be interpreted as the size of the structures that the final CNN
layer can see.

[0043] The CNN network for a classification typically has at its end two fully connected layers and a
classification layer. All layers are trained end-to-end implying that the learned features are meaningful
for the classification at hand. CNNs have gained much interest after publications of successfully
training models on one dataset and transferring these features to tackle a different task. The transfer
learning techniques build on the observation that the first CNN layers learn generic features (e.g.
edges and corners) and the higher CNN layers combine these into more specific features relevant for
the task at hand (e.g. face of a cat or shape of car wheels).

[0044] In a specific embodiment the voxel classifier (104) is utilizing a CNN comprising a set of

neural network layers, wherein the sequence of neural network layers comprises:

for each set of voxels, one or more convolutional layers configured to receive an input
derived from said set of voxels in the context of the surrounding voxels to generate two or

more convolved outputs
one or more fully connected layers for aggregating said two or more convolved outputs; and

a classification layer receiving an input from said one or more fully connected layers to

perform final classification.

[0045] The one or more convolutional layers can be designed as two convolutional layers. The use of
two sets of voxels at the start (each having the same amount of voxels of different sizes) will provide

two convolved outputs. Each set of voxels is being analyzed using its own separate CNN network.

[0046] The one or more connected layers allow to aggregate the outputs produced from each of the

sets of voxels. The convolved outputs from one or more convolutional layers can be interpreted as
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learned features. When using two set of voxels (analyzed through two CNN networks), this will
produce two sets of features learned in different context (e.g. one looking at high-resolution images
and the other looking at bigger part of the image but lower resolution / more blurry images). The one
or more connected layers add or otherwise stack these features all together in one big feature vector.
The last fully connected layers process these feature vectors once more (non-linear operations) in
order for the final classification layer (next bullet) to output one probability for every class and this
for every voxel in the input image (so probabilityl of that voxel being a background voxel,
probability2 of that voxel being a normal vertebra voxel, probability3 of that voxel being a fractured

vertebra voxel).

[0047] The output of the classification layer is a probability value for each class. For an input image
comprising NxMxK voxels (3D), the output is NxMxK voxels with each containing one probability

value for every class.

[0048] The CNN may further comprise additional aggregation and convolutional layers. More
specifically the CNN exemplified above additionally comprises

an aggregation layer for aggregating the output from said one or more convolved outputs;

one or more convolutional layers receiving an input from said aggregated output from first

and the second convolved outputs.
[0049] More particularly the CNN uses a sliding filter having size of 3* voxels.

[0050] More specifically the CNN used in classification in accordance with one preferred
embodiment includes 17 convolution layers with each filters of size 3* in order to have an effective
receptive field of 35° in the normal pathway (first set of voxels of 1mm?®) and 105 in the subsampled
pathway (second set of voxels of 3mm?®) (Figure 12). This selection is driven by the empirical
observation that an average human vertebra is maximum 54mm wide, hence a receptive field of
minimum 100 voxels (isotropic Imm? input images) is required to have all voxels inside a vertebra
contribute when evaluating any vertebra voxel. Adding a convolution layer after the normal and
subsampled pathways are stacked together further smoothens the results and improves the
performance of the system.

[0051] The voxel classifier (104) classifies each voxel by assigning a probability of one or more
classes per voxel. Any suitable classifier might be chosen. Different classification techniques are well
known to the skilled person. Each specific classifier might require adjustments in each component of
the system. In a particular embodiment the voxel classifier (104) classifies each voxel in the groups of
voxels using a pre-trained classifier by assigning one or more class labels to said voxel.

[0052] In a particular embodiment the voxel classifier (104) calculates for each voxel a probability to

be classified as background, normal, fracture class.
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[0053] In a particular embodiment the voxel classifier (104) is pre-trained using a set of annotated
input 3D images divided into voxels, wherein an intensity noise signal is added to each 3D voxel
along x, y and z axis. Data augmentation is performed by adding noise to the input intensities and
randomly rejecting images across X, Y and Z axes. This increases the robustness of the system to
cope with high variability in input images (different scanners, different patient positions).

[0054] In a particular embodiment the voxel classifier (104) is utilizing a CNN is pre-trained using a
set of annotated input 3D images using sampling ratio using a sampling ratio to favor foreground,
more specifically sampling ratio of background:normal:fracture can be 1:3:3. Such ratio allows for
sufficient examples to remove the background first and then focus on differentiating between normal

and fractured vertebrae.

[0055] The techniques such as residual connections (He et al., 2016), batch normalization (Ioffe and
Szegedy, 2015) and parametric rectified linear unit (PReLU) non-linearity (He ef al., 2015) might be
applied to the CNN. RmsProp optimizer, L1 and L2 regularization, can be applied to anneal the
learning rate of 0.001 exponentially and train for 35 epochs.

[0056] The classification network can be implemented, for example, using the 3D CNN as described
in Kamnitsas et al. (2017), a voxel-classification pipeline built in Theano (the code base available on
Github). DeepMedic software (https:/github.com/Kamnitsask/deepmedic) can be used to perform
weighted sampling to counter class imbalance, generate a combination of normal and subsampled
pathway to increase context and finally a dense training scheme on image segments to cope with
memory and computation constraints that are observed with such 3D CNNs.

[0057] The CNN can be trained using a training data set that can be produced using a semi-manual
method. Voxel classification using supervised learning techniques requires one label per voxel. This is
a very expensive labeling task that could require more than one hour per image in order to perform the

classification.

[0058] One of the possible ways of such classification is described in Glocker ez al. (2013) uses a
dense classification from sparse annotations scheme to bring down the manual annotation time per
image to two minutes on average. This scheme fits a Gaussian centroid likelihood function y/, around
vertebra centroid coordinates ¢,. The centroid coordinates are provided through manual annotation
(free parameter 4, is determined empirically to nicely cover every vertebra with non-overlapping point
clouds). Manually annotating one centroid point per vertebra suffices to build a dense label point
cloud for every vertebra. The list of vertebrae in the field-of-view v is dynamic and depends on the
input image.

Cy—

P, () = exp(— 2




10

15

20

25

30

35

WO 2019/106061 PCT/EP2018/082925
10

[0059] The read-out is limited to one Genant classification per vertebra present in the field-of-view
and a label image L is automatically generated with the same dimensions as the spine-cropped
intensity image /. The resulting label image is not voxel-perfect using the described methodology, but
such method is sufficiently accurate for the detection task at hand. This step produces a 3D image L
with the same size (dimensions) as the input image / that has intensity values 0 for background
voxels, 1 for normal vertebrae voxels and 2 for fractured vertebrae voxels. The voxel intensities are
semi-automatically generated as per the above method. The result of this step is a training database

with K pairs of an image 7 and label image L that can be fed into a CNN classifier.

[0060] The fracture probability estimator (103) is a sub-system that uses the voxels classification
output possibly combined with other additional information to provide with the estimations of the
probability of a vertebrae fracture being present in the image. Such probability can be provided for the
whole image or a part of the image.

[0061] In a particular embodiment the fracture probability estimator (103) comprises an image
classifier (108). The image classifier (108) is configured to classify said 3D image into having or not
having a fracture and receives an input from the voxel classifier (104) for each voxel of said 3D image
and provides an output of an aggregated probability value for said 3D image, such aggregated
probability estimated empirically through optimizing a performance metric (for example,
sensitivity/specificity or precision/recall). Alternatively, the count of the number of voxels having
assigned probability of fracture class can be used.

[0062] In another embodiment the image classifier (108) is configured to classify the 3D image based

on the minimum threshold value of the number of voxels having assigned probability of fracture class.

[0063] In another embodiment the fracture probability estimator (103) comprises a vertebrae locator
(105) in the 3D image. The fracture probability estimator (103) may comprise a vertebrae locator
(105) and vertebra anatomical label assignor (106).

[0064] In another embodiment the fracture probability estimator (103) may additionally comprise a
vertebra classifier (107) that outputs a probability for each vertebrae in the 3D image to have a
fracture. Such classifier can be configured to work with vertebrae locator (105) and vertebra
anatomical label assignor (106). The vertebrae locator (105) can be configured to produce centroid
coordinates of each vertebra within the 3D image. The vertebra anatomical label assignor (106) can be
used to assign anatomical level information to each vertebrae in the 3D image. Such information can
be useful to assist with visualization of the prediction results. The vertebra classifier (107) combines
all the components into the following answer for an input image. For every vertebra present in the
image (these are automatically detected by the method): a fracture label (e.g. normal or fractured
vertebra), vertebra centroid (localization in 3D space), vertebra anatomical label (e.g. L5, L1, T12

etc.). So instead of providing one vertebra fracture prediction for the entire 3D image (output of 108),



10

15

20

25

30

WO 2019/106061 PCT/EP2018/082925
11

107 provides it per vertebra present and localizes this vertebra in the image (both physically in space

and by using an anatomical label).

[0065] The present invention further provides a medical imaging workstation comprising an imaging
apparatus for generating at least one 3D image (1401) of a subject and a system as described herein
for predicting the risk of a vertebral fracture in said subject in at least one generated image. Such
apparatus may be in a form of a device with a screen and an input device for selecting an image and
reviewing the output of the system. The system can also interact with the imaging apparatus remotely
via a computer network. The elements of such imaging workstation might be distributed between
different servers and a database system might be used to store the imaging data, computational model,
intermediate outputs of the different elements of the system as well as for storing the final output.
Such database system might also be distributed between different servers and different data might be
stored on different servers.

[0066] The present invention also provides a three-dimensional medical image analysis method of

predicting the presence of a vertebral fracture in an individual, said method comprising the steps of:
receiving a 3D imaging data (201) comprising imaging information of the spinal cord;

processing said image and producing two or more sets of 3D voxels, wherein each of the sets
corresponds to the entire said 3D image, and wherein each of the sets consists of equal voxels of

different dimensions (202);

computing for each voxel class probability of a voxel to contain fracture using a computational

model (204);
identifying if any of said voxels are classified as containing a fracture (205); and

predicting the presence of a vertebral fracture (206) in said individual based on the identification

of said voxels classified as containing a fracture.

[0067] In a particular embodiment the method additionally comprises a step of locating within said
image the spinal cord and generating spine-cropped output images for each set of voxels including the
spinal cord (203) and outputting sets of voxels including the spinal cord. Such step would follow the

step of the image processing (202).

[0068] In a particular embodiment the 3D imaging information is received via a computer network.
Alternatively such imaging information is received via a communication port that is configured to
communicate with an image information generating device or a system. More particular the imaging

information is stored in a medical images database.

[0069] In a more specific embodiment of the method the voxel classification is performed using a

model trained using a training data set generated using a method comprising following steps:
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1. inputting via a user interface the centroid coordinates for each vertebra in the training
image;
ii.  inputting via a user interface a vertebra fracture label;
ii.  fitting a Gaussian centroid likelihood function around selected centroid coordinates;
iv.  producing a dataset of pairs of signal intensity and label for each of said images in the
training data set.
[0070] More specifically the computation model is trained on a set of pre-annotated images. Such
images might be annotated using the method described above that relies on the manual location of the
centroid coordinates and subsequent application of a Gaussian centroid likelihood function.
Furthermore the vertebra state is evaluated by an expert to assign a classification label to it. Such

classification label might be normal of fracture or could also indicate a grade of fracture.

[0071] In a particular embodiment the computation model is trained on a set of pre-annotated images
that have been divided into a set of voxels. In one embodiment an intensity noise signal is added to

each produced 3D voxel along x, y and z axis.

[0072] In another embodiment the step of locating within said image the spinal cord (203) is based on
the identification of maximum signal intensities to locate the spinal cord in said image data. In
particular the signal intensities can be processed using Cumulative Distribution Function (CDF) >=
0.9895 as described above. Alternatively, the step of locating within said image the spinal cord (203)
can additionally use the anatomical prior information to coarsely locate the spinal cord along the x, y

and z axes

[0073] In another embodiment of the method, the step of processing and dividing said image into a set
of voxels (202) outputs a set of 3D voxels, wherein said 3D voxels are isetenie isotropic voxels of

Imm®. Such size is advantageous for the reasons described above.

[0074] In another embodiment of the method, the step of processing and dividing said image into a set

of voxels (202) outputs a set of 3D voxels, wherein said 3D voxels are anisotropic voxels.

[0075] In another embodiment of the method, the step of processing and dividing said image into a set
of voxels (202) additionally comprises a step of normalization to mean and unit standard deviation of

the intensity of said voxel.

[0076] In another embodiment of the method the step of processing and dividing said image into a set
of voxels (202) additionally comprises a step of adding intensity noise signal to each produced 3D

voxel along x, y and z axis

[0077] In another embodiment of the method, the step of computing for each voxel class probability
of a voxel to contain fracture using a computational model (204) comprises classification of each

voxel by assigning a probability of one or more classes per voxel.
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[0078] In another embodiment of the method, the step of computing for each voxel class probability
of a voxel to contain fracture using a computational model (204) includes two classifications of each
of said 3D voxels in each set in the context of the surrounding set of voxels. More specifically such
classification of each of said voxels is performed in the context of the surrounding voxels, and
classifies each of the voxels in the first set in the context of 30-40 mm?® of said voxels and each of the
voxels in the second set in the context of 90-120 mm?® of said voxels. In a specific embodiment the
first set is classified in the context of 35 mm?® of said voxels and the second set is classified in the
context of 105 mm?® of said voxels. More specifically in this case the first set of voxels is a set of

voxels of 1 mm® and the second set of voxels is a set of voxels of 3 mm”,

[0079] In another embodiment of the method, the step of computing for each voxel class probability
of a voxel to contain fracture using a computational model (204) uses a classifier to classify each
voxel in the groups of voxels using a pre-trained classifier by assigning one or more class labels to

said voxels.

[0080] In another embodiment of the method, the step of computing for each voxel class probability
of a voxel to contain fracture using a computational model (204) produces an output probability to be

classified as background, normal, fracture class for each voxel in the image.

[0081] In another embodiment of the method, the step of predicting the risk of vertebral fracture (206)
includes classification of said 3D image into having or not having a fracture, and wherein said step
receives an input classification value from the step of computing for each voxel class probability of a
voxel to contain fracture using a computational model (204) for each voxel of said 3D image, and

wherein said step provides an output of an aggregated probability value for said 3D image.

[0082] In another embodiment of the method, the step of predicting the risk of a vertebral fracture
(206) includes classification of said 3D image based on the minimum threshold value of the number

of voxels having assigned probability of the fracture class.

[0083] In another embodiment the method additionally comprises a step of locating the vertebrae in

the image and a step of assigning labels to vertebra present in the 3D image.

[0084] In another embodiment the method additionally comprises a step of assigning labels to

vertebra present in the 3D image.

[0085] In another embodiment the method additionally comprises a step of vertebra classification by
assigning a probability of said vertebrae having a fracture. More specifically the step of locating the

vertebrae produces centroid coordinates of each vertebra within said 3D image.

[0086] In another embodiment of the method the step of computing for each voxel class probability of
a voxel to contain fracture using a computational model (204) is utilizing a Convolutional Neural

Network (CNN). More specifically the step of computing for each voxel class probability of a voxel
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to contain fracture using a computational model (204) is utilizing a Convolutional Neural Network

(CNN) comprising a set of neural network layers, wherein the set of neural network layers comprises:

for each set of voxels, one or more convolutional layers configured to receive an input
derived from said set of voxels in the context of the surrounding voxels to generate two or

more convolved outputs;

one or more fully connected layers for aggregating said two or more convolved outputs for

each set of voxels; and

a classification layer receiving an input from said one or more fully connected layers to

perform final classification.

[0087] The CNN may further comprise additional aggregation and convolutional layers. More
specifically the CNN exemplified above additionally comprises

an aggregation layer for aggregating the output from said one or more convolved outputs;

one or more convolutional layers receiving an input from said aggregated output from first

and the second convolved outputs;

In another embodiment of the method, the step of computing for each voxel class probability of a
voxel to contain fracture using a computational model (204) is utilizing a Convolutional Neural
Network (CNN) that is pre-trained using a set of annotated input 3D images using a sampling ratio to

favor foreground, more specifically such sampling ratio of background:normal:fracture can be 1:3:3.

[0088] In another embodiment the method said 3D image data comprises image intensities, said

image intensities having a signal dynamic range.

[0089] It will be appreciated that the invention also applies to computer programs, particularly
computer programs on or in a carrier, adapted to put the systems and the methods of the invention into
practice. The present invention further provides a computer program comprising code means for
performing the steps of the method described herein, wherein said computer program execution is
carried on a computer. The present invention further provides a non-transitory computer-readable
medium storing thereon executable instructions, that when executed by a computer, cause the
computer to execute the method for predicting the risk of osteoporotic fracture in an individual as
described herein. The present invention further provides a computer program comprising code means
for the elements of the system disclosed herein, wherein said computer program execution is carried

on a computer.

[0090] The computer program may be in the form of a source code, an object code, a code
intermediate source. The program can be in a partially compiled form, or in any other form suitable

for use in the implementation of the method and it variations according to the invention. Such
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program may have many different architectural designs. A program code implementing the
functionality of the method or the system according to the invention may be sub-divided into one or
more sub-routines or sub-components. Many different ways of distributing the functionality among
these sub-routines exist and will be known to the skilled person. The sub-routines may be stored
together in one executable file to form a self-contained program. Alternatively, one or more or all of
the sub-routines may be stored in at least one external library file and linked with a main program
either statically or dynamically, e.g. at run-time. The main program contains at least one call to at

least one of the sub-routines. The sub-routines may also call each other.

[0091] The present invention further provides a computer program product comprising computer-
executable instructions implementing the steps of the methods set forth herein or its variations as set
forth herein. These instructions may be sub-divided into sub-routines and/or stored in one or more
files that may be linked statically or dynamically. Another embodiment relating to a computer
program product comprises computer-executable instructions corresponding to each means of at least
one of the systems and/or products set forth herein. These instructions may be sub-divided into sub-

routines and/or stored in one or more files.

[0092] It should be noted that the above-mentioned embodiments illustrate rather than limit the
invention, and that those skilled in the art will be able to design many alternative embodiments
without departing from the scope of the claims. In the claims, any reference signs placed between
parentheses shall not be construed as limiting the claim. Use of the verb "comprise" and its

conjugations does not exclude the presence of elements or steps other than those stated in a claim.

[0093] The article "a" or "an" preceding an element does not exclude the presence of a plurality of
such elements. The invention may be implemented by means of hardware comprising several distinct
elements, and by means of a suitably programmed computer. In the system claim enumerating several
elements, several of these elements (sub-systems) may be embodied by one and the same item of
hardware. The mere fact that certain measures are recited in mutually different dependent claims does

not indicate that a combination of these measures cannot be used.

Examples

Example 1. Performance of the system for identification of vertebral fractures on a set of CT

images.

[0094] 120 anonymized image series of abdomen and thorax CT examinations from the imaging
database of one university hospital were used for the method described herein. These images were
acquired in February and March 2017 on four different scanners (Siemens, Philips and two types of

GE scanners) including patients with various indications above seventy years of age (average age was
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81 years, range: 70 - 101, 64% female patients). As a result, this dataset contains a heterogeneous
range of protocols, reconstruction formats and patients representing a sample from clinical practice
for this patient cohort. The vertebrae distribution contains a total of 1219 vertebrae of which 228
(18.7%) are fractured. The dataset has been curated by one radiologist (S.R.) providing Genant grades

(normal, mild, moderate, severe) for every vertebra in the field-of-view.

[0095] Table 1 summarizes that the patient-level prediction results using the methodology described
herein using four-fold cross-validation on the dataset. In this case we used Npatients that is less than
Nimages because the dataset used to train the model contains both abdomen and thorax exams for a

subset of the patients.

[0096] Table 1: Patient fracture present performance using four-fold cross-validation

(Npatients= 1 01)

(a) Key metrics

Metric This method (%)
Accuracy 93.07
Precision 98.48
Recall 91.55
Specificity 96.67

(b) Confusion matrix

Radiologist
This method Fracture Normal
Fracture 65 1
Normal 6 29
Totals 71 30

[0097] We have generated vertebra-level results using noisy ground-truth vertebra centroids. To
understand which errors the method makes and what could be the underlying causes (data or
algorithm), we have conducted a manual analysis of the vertebra-level errors against radiologist read-

out.

[0098] More than two third of the errors occur in thoracic region which can be explained by the

skewed dataset (see Figure 13).

[0099] After evaluating the individual errors with a radiologist, we concluded that almost 15% of the
errors on mild grade are questionable. This observation clearly demonstrates that the radiologist read-
outs used as ground truth labels are noisy (reported as intra- and inter-observer variability in Buckens
etal. (2013)).

[00100] 40% of the vertebra errors involved consecutive mistakes in series of two to six vertebrae.
Interestingly, one can see similar results when inspecting the radiologist's read out associated with our
dataset. As Genant et al. (1993) describes, one must compare height loss against one reference

vertebra (variants using a statistical average across multiple reference vertebrae have been reported
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(Burns et al., 2017)), it is not surprising that these series cause troubles since they remove the notion
of a reference vertebra and using reference vertebrae further away is less evident because vertebra size

decreases naturally from inferior to superior.

[00101] The test results contain vertebrae which are clinically less relevant for osteoporosis diagnosis

(e.g. S1, C7 and C6) and for which the number of examples in the dataset were limited.

[00102] The dataset contains a small number of vertebra pathologies (e.g. vertebra fusion,
intraspongious hernia, abnormal appearance due to ongoing bone formation process). This results in
some errors as their image features are clearly distinct from a normal vertebra and the classifier might

confuse these with fractured cases.

[00103] Finally, one can see that low-thoracic vertebrae (e.g. L2, T12 and T11) have a relatively high

amount of misses (False Negatives) which is consistent with previous work (Burns et al., 2017).

[00104] The method was further benchmarked against clinical practice and the most recently reported
patient-level fracture detection results. To benchmark the results against clinical practice, we used the
inter-observer absolute agreement reported in Buckens ez a/. (2013) as the accuracy of three observers
against one observer (the latter one is thus considered ground truth). The results reported in Table la
out-perform the patient fracture present accuracy range 82% to 92% reported across four human
observers (Buckens ef a/., 2013). One must note that the voxel classifier has been trained and tested
against the same standard while these observers have most likely been independently trained.
Nevertheless, the Buckens ef a/. (2013) results are taken in a clinical study in an academic center
where four radiologists receive dedicated fracture grading training beforehand and spend more time
per image to classify vertebra fractures (study setting). Since these conditions are favorable against
standard radiology practice in any hospital (not just academic), the results are on par with clinical
practice. Table 3 compares our method to the patient fracture results reported in (Bar ez al., 2017). It

must be noted that both results have been generated using different datasets.

[00105] Table 3: Proxy benchmark for patient fracture present performance (both results have

been reported on different test sets).

Metric Bar17 (%) Present method (%)
Accuracy 89.1 93.07
Precision NA 98.48
Recall 83.9 91.55
Specificity 93.8 96.67
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WHAT IS CLAIMED IS:

1. A three-dimensional medical image analysis system for predicting a presence of a vertebral

fracture in a subject, comprising:

a 3D image processor for receiving and processing 3D image data of a 3D image of the
subject, producing two or more sets of 3D voxels including a first set of 3D voxels and a second
set of 3D voxels, each of the first set of 3D voxels and the second set of 3D voxels corresponding
to an entirety of the 3D image, 3D voxels of the first set of 3D voxels each being of equal
dimensions, 3D voxels of the second set of 3D voxels each being of equal dimensions, the 3D
voxels of the first set of 3D voxels being of different dimensions than the 3D voxels of the second

set of 3D voxels;

a voxel classifier for assigning the 3D voxels of the first set of 3D voxels and the 3D voxels
of the second set of 3D voxels one or more class probabilities each of the 3D voxels contains a

fracture using a computational model; and

a fracture probability estimator for estimating a probability of the presence of a vertebral
fracture in the subject based on the one or more class probabilities of each the 3D voxels of the

first set of 3D voxels and each of the 3D voxels of the second set of 3D voxels.

2. The system of claim 1 further comprising a spinal cord detector for detection of a part of

the 3D image comprising the spinal cord.

3. The system of claim 2, wherein the spinal cord detector uses maximum signal intensities

to locate the spinal cord in said the 3D image data.

4. The system of claim 3, wherein the spinal cord detector uses anatomical prior information

to locate the spinal cord along the x, y and z axes.

5. The system of claim 1, wherein at least one of the sets of 3D voxels is a set of isotropic

voxels of 1 mm?.
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6. The system of claim 1, wherein the first set of 3D voxels is a set of isotropic voxels of 1

mm?, and the second set of 3D voxels is a set of isotropic voxels of 3 mm?.

7. The system of claim 6, wherein the voxel classifier is configured to classify each of the 3D
voxels in the context of the surrounding 3D voxels, and classifies each of the 3D voxels in the first
set in the context of 30-40 mm? of the 3D voxels and each of the 3D voxels in the second set in the

context of 90-120 mm? of the 3D voxels.

8. The system of claim 7, the first set of 3D voxels is classified in the context of 35 mm? of
the 3D voxels and the second set of 3D voxels is classified in the context of 105 mm? of the 3D

voxels.

9. The system of claim 1, wherein at least one of the sets of 3D voxels is a set of anisotropic

voxels.

10. The system of claim 1, wherein the 3D image processor is configured to output a set of 3D
voxels that are normalized to mean and unit standard deviation of the intensity of the set of 3D

voxels.

11. The system of claim 1, wherein the voxel classifier classifies each of the 3D voxels in the

one or more of the sets of 3D voxels in the context of the surrounding 3D voxels.

12. The system of claim 11, wherein the voxel classifier is utilizing a CNN comprising a set of

neural network layers, wherein the sequence of neural network layers comprises:

for each set of 3D voxels, one or more convolutional layers configured to receive an input
derived from the set of 3D voxels in the context of the surrounding 3D voxels to generate two or

more convolved outputs;

one or more fully connected layers configured for aggregating the two or more convolved

outputs; and

a classification layer configured for receiving an input from the one or more fully connected

layers to perform a final classification.
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13. The system of claim 12, wherein the final classification is assigning a probability to each

of the 3D voxels to be classified as normal, fracture or background.

14. The system of claim 1, wherein the voxel classifier is configured to classify each 3D voxel

using a pre-trained classifier by assigning one or more class labels to the 3D voxel.

15. The system of claim 1, wherein the voxel classifier is configured to calculate for each 3D

voxel a probability to be classified as background, normal, fracture class.

16.  The system of claim 1, wherein the fracture probability estimator comprises an image
classifier that is configured to classify the 3D image into having or not having a fracture and
receives an input from the voxel classifier for each 3D voxel of the 3D image and provides an

output of an aggregated probability value for the 3D image.

17. The system of claim 16, wherein the image classifier is configured to classify the 3D image
based on a minimum threshold value of a number of 3D voxels having an assigned probability of

a fracture class.

18. The system of claim 1, wherein the fracture probability estimator comprises a vertebra
anatomical label assignor to assign anatomical level information to each vertebrae present in the

3D image.

19. The system of claim 1, wherein the voxel classifier is pre-trained using a set of annotated
input 3D images divided into 3D voxels, wherein an intensity noise signal is added to each 3D

voxel along x, y and z axes.

20. The system of claim 1, wherein the voxel classifier utilizes a CNN pre-trained using a set

of annotated input 3D images using a sampling ratio to favor foreground.

21. The system of claim 1, wherein the voxel classifier utilizes a CNN pre-trained using a set

of annotated input 3D images using a sampling ratio of background:normal:fracture of 1:3:3.

22. A medical imaging workstation comprising:
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an imaging apparatus for generating at least one 3D image of a subject; and

the system as recited in claim 1 for predicting the presence of a vertebral fracture in the

subject in at least one generated image.

23. The system of claim 1, wherein the voxel classifier includes at least one first convolutional
layer for analyzing the 3D voxels of the first set of 3D voxels and at least one second convolutional
layer for analyzing the 3D voxels of the second set of 3D voxels, the voxel classifier further
including one or more connected layers configured to aggregate outputs produced from the at least
one first convolutional layer for the 3D voxels of the first set of 3D voxels and outputs produced

from the at least one second convolutional layer for the 3D voxels of the second set of 3D voxels.

24. A three-dimensional medical image analysis method of predicting the presence of a

vertebral fracture in an individual, the method comprising the steps of:

receiving a 3D imaging data of a 3D image comprising 3D imaging information of the

spinal cord;

processing the 3D image and producing two or more sets of 3D voxels including a first set
of 3D voxels and a second set of 3D voxels, wherein each of the first set of 3D voxels and the
second set of 3D voxels corresponds to the entirety of the 3D image, and wherein 3D voxels of the
first set of 3D voxels each being of equal dimensions, 3D voxels of the second set of 3D voxels
each being of equal dimensions, the 3D voxels of the first set of 3D voxels being of different

dimensions than the 3D voxels of the second set of 3D voxels;

computing for each 3D voxel of the first set of 3D voxels and the 3D voxels of the second
set of 3D voxels a class probability of each 3D voxel to contain a fracture using a computational

model;

identifying if any of the 3D voxels of the first set of 3D voxels and the 3D voxels of the

second set of 3D voxels are classified as containing a fracture; and



23

predicting the presence of a vertebral fracture in the individual based on the identification
of the 3D voxels of the first set of 3D voxels and the 3D voxels of the second set of 3D voxels

classified as containing a fracture.

25. The method of claim 24 further comprising a step of locating within the 3D image the
spinal cord and generating spine-cropped output images for each set of 3D voxels including the

spinal cord and outputting sets of 3D voxels including the spinal cord.

26.  The method of claim 25, wherein the step of locating within the image the spinal cord uses

anatomical prior information to coarsely locate the spinal cord along the X, y and z axes.

27. The method of claim 24, wherein the classification of 3D voxels as containing a fracture is
performed using a model trained using a training data set generated using a method comprising

following steps:
1. inputting via a user interface centroid coordinates for each vertebra in a training image;
ii. inputting via the user interface a vertebra fracture label;
iii. fitting a Gaussian centroid likelihood function around selected centroid coordinates;

iv. producing a dataset of pairs of signal intensity and label for each of the training images

in the training data set.

28. The method of claim 24, wherein the processing of the 3D image and producing two or
more sets of 3D voxels includes adding an intensity noise signal to each produced 3D voxel along

X, y and z axis.

29. The method of claim 24, wherein at least one of the sets of 3D voxels is a set of isotropic
voxels.
30.  The method of claim 24, wherein the step of computing for each 3D voxel the class

probability of the 3D voxel to contain fracture using the computational model includes
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classification each of said the 3D voxels in the one or more sets of 3D voxels in the context of the

surrounding 3D voxels.

31. The method of claim 30, wherein the classification of each of the 3D voxels is performed
in the context of the surrounding 3D voxels, and classifies each of the 3D voxels in the first set 3D
voxels in the context of 30-40 mm? of the 3D voxels and each of the 3D voxels in the second set

of 3D voxels in the context of 90-120 mm? of said the 3D voxels.

32. The method of claim 24, wherein the step of computing for each 3D voxel class the
probability of the 3D voxel to contain a fracture using the computational model produces an output
probability to be classified as a background, normal, or fracture class for each 3D voxel in the 3D

image.

33.  The method of claim 24, wherein the step of predicting the risk of a vertebral fracture
includes classification of the 3D image into having or not having a fracture, and wherein the step
of predicting the risk of a vertebral fracture includes receiving an input classification value
computed by the step of computing for each 3D voxel class probability of the 3D voxel to contain
fracture using the computational model for each 3D voxel of the 3D image, and wherein the step
of predicting the risk of a vertebral fracture provides an output of an aggregated probability value

for the 3D image.

34.  The method of claim 24, wherein the step of predicting the risk of a vertebral fracture
includes classification of the 3D image based on a minimum threshold value of a number of 3D

voxels having an assigned probability of a fracture class.

35.  The method of claim 24 further comprising a step of vertebra classification by assigning a

probability of the vertebrae having a fracture.

36.  The method of claim 24, wherein the step of computing for each 3D voxel the class
probability of the 3D voxel to contain a fracture using the computational model utilizes a
Convolutional Neural Network (CNN) comprising a set of neural network layers, wherein the set

of neural network layers comprises:
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for each set of 3D voxels, one or more convolutional layers configured to receive an input
derived from the set of 3D voxels in the context of the surrounding 3D voxels to generate two or

more convolved outputs;

an aggregation layer for aggregating an output from the one or more convolved outputs for

each of the sets of 3D voxels;

one or more convolutional layers receiving an input from the aggregated output from the

one or more convolved outputs;

one or more fully connected layers for aggregating the two or more convolved outputs; and

a classification layer receiving an input from the one or more fully connected layers to

perform a final classification.

37.  The method of claim 36, wherein the final classification is performed by assigning a

probability to each of the 3D voxels to be classified as normal, a fracture or background.

38. A computer program product, disposed on a non-transitory computer readable media,
comprising computer executable code for performing the steps of the method of claim 24 on a

computer.

39. A three-dimensional medical image analysis method of predicting the presence of a

vertebral fracture in an individual, the method comprising the steps of:

receiving a 3D imaging data of a 3D image comprising 3D imaging information of the

spinal cord;

processing the 3D image and producing two or more sets of 3D voxels, wherein each of
the sets of 3D voxels corresponds to the entire the 3D image, and wherein each of the sets of 3D

voxels consists of equal 3D voxels of different dimensions;

computing for each 3D voxel a class probability of each 3D voxel to contain a fracture

using a computational model;
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identifying if any of the 3D voxels are classified as containing a fracture; and

predicting the presence of a vertebral fracture in the individual based on the identification
of the 3D voxels classified as containing a fracture, wherein the classification of 3D voxels as
containing a fracture is performed using a model trained using a training data set generated using

a method comprising following steps:

1. inputting via a user interface centroid coordinates for each vertebra in a training image;

ii. inputting via the user interface a vertebra fracture label;

ii1. fitting a Gaussian centroid likelihood function around selected centroid coordinates;

iv. producing a dataset of pairs of signal intensity and label for each of the training images

in the training data set.



