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Abstract

Rotator cuff tears are the most common source of shoulder pain. Many factors can be
considered to choose the right surgical treatment procedure. The most important factors
are tear thickness (partial vs. full), tear size, tear shape, and muscle quality. The aim of
this work was the fully automated quantification and classification of a full-thickness
posterosuperior rotator cuff tear from MR images using a deep learning based approach.
A complete new approach to automatically quantify and classify a rotator cuff tear, based
on the segmentation of the tear from MR images, was developed and validated. A neural
network was trained to segment the rotator cuff tear from an MR image and automatic
methods for calculating tear width and retraction and for classifying the tear according to
pattern, extension and retraction were implemented.

The accuracy of the automatic segmentation and the automated tear analysis were
evaluated relative to the ground truth of manual segmentations by a clinical expert, and
analyzed based on the ground truth segmentations. Variance in the manual segmentations
was assessed in a interrater variability study of two clinical experts. The error of the
automatic segmentation to one of the two clinical experts are meant to be in the same
region.

To make quantification accessible the whole pipeline was implemented in an existing
webapp.

The results were also evaluated clinically by intraoperative measurements of the rotator
cuff tear performed on a separate dataset of six patients.

The accuracy of the tear retraction calculation based on the developed automatic tear
segmentation was 6.56 mm + 6.48 mm in comparison to the interrater variability of tear
retraction calculation based on manual segmentations of 3.77 mm % 3.58 mm.

These results show that an automatic quantification of a rotator cuff tear is possible. The
achieved accuracies of the quantification pipeline for rotator cuff tears need to be
improved to make them clinically useable. The large interrater variability of manual
segmentation based measurements, highlights the difficulty of the tear segmentations task
in general. To improve the accuracy of an automated segmentation, a larger dataset for
training may be required or a semi-automatic approach could be used.
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1 Introduction

In a first step, a brief introduction to the general clinical background is given. The clinical background
explains what a rotator cuff tear is, why and how often it occurs, and what steps are required from the
detection of a tear to the treatment of a tear. Because there are several possibilities to quantify a rotator
cuff tear the main focus of this work is the size of the tear defined by its anterior to posterior
extension, which is called the tear width and also its lateral to medial extensions, which is called the
retraction. In clinical field a rotator cuff tear is not quantified but rather classified. The most
established classifications system of rotator cuff tears are explained in a second step. The last section
of the introduction explains what others have already done in this field and why the approach of this
work is a novelty. Finally the aim of this work will be stated.

1.1 Clinical Background

The shoulder joint is a ball and socket joint and has the highest range of motion of all joints in the
human body. The main parts are the humeral head and the glenoid cavity of the scapula. Due to the
high range of motion the shoulder joint must be stabilized by the rotator cuff. The rotator cuff consists
of four muscles as seen in Figure 1. The muscles are the supraspinatus, infraspinatus, terese minor and
the subscapularis which are all connected to the humeral head. The two main functions of the rotator
cuff are to stabilize the humeral head in the glenoid fossa and to enable the humerus to change position
relative to the scapula.[4]

Lateral view Posterior view
Anterior view

AC \
\
L, — '

5

B

Figure 1: Anatomy of the rotator cuff muscles supraspinatus (SSP), infraspinatus (1S), terese
minor (TM), subscapularis (SSC), acromion (AC)[6]

Tears of the rotator cuff tendons are the most common source of shoulder pain. Several studies are
conducted to evaluate the prevalence of rotator cuff tears and it varies between 5 to 44 %. In addition
to traumatic rotator cuff tears affecting younger patients, most studies have found that the prevalence
of rotator cuff tears increases with age. Therefore, rotator cuff tear can be considered as a
physiological condition related to the progressive degeneration of the tissue. One reason why
prevalence varies is that a rotator cuff tear can be asymptomatic. In asymptomatic rotator cuff tears,
there is no clinically significant loss of shoulder function compared to a healthy shoulder. An
asymptomatic rotator cuff tear is a risk factor that can progress to a symptomatic tear. [17, 26]
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The symptoms of a symptomatic rotator cuff tear are pain, discomfort, weakness, and reduced range of
motion [20].

The etiopathogenesis of rotator cuff tears is multifactorial and can be grouped into extrinsic and
intrinsic factors. An often described extrinsic factor is the impingement syndrome, where the acromion
impinges into the bursal side of the rotator cuff tendon of the supraspinatus and the infraspinatus.
Studies of cadavers have shown that most rotator cuff tears occur on the articular side of the tendon
away from the acromion, where the tear is caused by a friction phenomenon. Other extrinsic factors
are mechanical overuse, smoking habits, dislocations and fractures. It is assumed that the majority of
the rotator cuff tears are primarily caused by intrinsic degeneration, as already stated before. There are
several theories why this degenerations such as hypoperfusion theory, degenerative theory,
degeneration-microtrauma, apoptotic theory, and extra cellular matrix modifications appear. [13, 31]
For clinical examination of a rotator cuff tear, various tests can be performed. These tests require the
patient to perform a certain movement or hold the arm in a certain position. These tests only give some
indication that a rotator cuff tear is likely to be present. In addition to the clinical examinations,
radiographs are typically the initial imaging test for shoulder injury. If a rotator cuff tear is suspected,
further imaging modalities are performed. Magnetic Resonance Imaging (MRI) and ultrasound are
well suited for detecting rotator cuff tears. In addition, Computer Tomography (CT) may also be
considered. MRI offers several advantages over ultrasound (US) in the study of the rotator cuff. MRI
has a higher reliability in determining the size of the tear and the degree of retraction of the tendon
compared with US and has been preferred for surgical planning. Imaging is performed either without
contrast agent or with direct injection of contrast agent into the joint. A rotator cuff tear appears as a
high intensity signal within the tendon on T2-weighted and proton density sequences with fat
suppression on MRI images. This is due to the presence of synovial fluid and contrast agent (if used)
in the injured tendon. [2, 6, 13, 33]

Spontaneous healing of the rotator cuff has only been clearly observed in animal studies. There are
inconsistent results in human trials with a range of spontaneous healing between 0-37 %. Therefore, it
is not clear whether a rotator cuff tear can heal spontaneously in humans. [13] Asymptomatic or small
to medium tears may be treated by conservative treatment, which includes physical therapy for muscle
strengthening and subacromial injections of different medications. If there is no improvement with
conservative treatment a rotator cuff repair or shoulder replacement by reverse shoulder arthroplasty
are the options. Rotator cuff repair is usually performed arthroscopically or via the miniopen
technique.

To choose the right surgical treatment procedure many factors can be considered. The most important
factors are tear thickness (partial vs. full), tear size, tear shape, and muscle quality. Muscle quality is
assessed by the Goutallier grade, which is an indicator of fat infiltration of the rotator cuff muscles and
by the extent of muscle atrophy. Full-thickness tears can be classified by the size of the tear, which is
most commonly measured in the coronal plane on MRI images. PD TSE with fat suppression and T2-
weighted are well suited MRI sequences for the identification and classification of the rotator cuff
tears. With increasing tear size and decreasing muscle quality, the opportunity for a positive surgical
outcome of a rotator cuff repair decreases. In particular, the medial to lateral extent of the tear caused
by retraction of the rotator cuff muscles is an indicator of the potential success of surgery. If the tear
width is large the tendon is more likely to retract. Also the age and the physical demand of the patient
are important factors that must be considered. [8, 12, 13]

A rotator cuff tear can either be reparable or irreparable. In irreparable cases the reverse shoulder
arthroplasty is the most common treatment option. In reparable cases the tendons of the involved
rotator cuff muscles are reattached to the footprint anatomy of the humeral head. Currently, there is
insufficient data in the scientific literature to establish an evidence-based treatment algorithm.
Treatment is based on patient factors and associated pathology and therefore involves personal
experience.[12, 13]



CHAPTER 1. INTRODUCTION 3

Some steps of a rotator cuff repair remain the same regardless of the surgical technique used.
Following is a ruff overview which steps are involved [1, 13]:
1. Evaluation of the size, shape, and elasticity of the lesion.
2. Assessment of the extent of tear retraction.
3. Assessment of the thickness and fraying (delamination) of the tear edge.
4. Debridement of the nonviable tendon.
5. Insertion of suture anchors or creation of transosseous tunnels. The number of suture anchors
or transosseous tunnels depends on the tear size and preferred technique of the surgeon.
6. Suturing of the cuff tear edges. The exact suturing technique depends on the shape and size of
the tear. The differences can be seen in Figure 2.
7. Secure knots.

Small-Medium, Crescent-shaped rotator cuff tear Massive, contracted longitudinal rotator cuff tear

Large, U-shaped rotator cuff tear
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Figure 2: Illustration of how the surgical technique depends on the size and the shape of the tear.
Supraspinatus tendon (SS), Infraspinatus Tendon (1S), rotator interval (RI), Subscapularis

tendon (Sub), Coracohumeral ligament (CHL) [16]

The most common complication after rotator cuff repair is a re-tear of the tendon. This can be a
consequence of a wrongly assessed rotator cuff tear. [13]
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1.2 Classifications of rotator cuff tears

Rotator cuff tears can be classified and quantified under different aspects. In this section, all important
classification systems are briefly explained and it is shown how the classification is included in this
work.

“In general, a classification for rotator cuff tears should follow several principles. First, the
classification system should be already in use, if possible, validated for reliability, and easily

used by physicians. Second, it should be descriptive to define the location and anatomy of the tear,
helping all surgeons to understand precisely its characteristics. Third, the classification should be
useful to dictate appropriate treatment in each specific case, and fourth, it should also have a
predictive value both to guide physicians and to transmit the patient realistic expectations of
postoperative outcome. Finally classification also enables the surgeon to acquire data and to
communicate clinical and functional results obtained with different treatments to the scientific
community [13].”

1.2.1  Classification by involved components

Rotator cuff tears can be classified by the tendons involved. There are five possible types as illustrated
in Figure 3: type A, supraspinatus and superior subscapularis tears, type B; supraspinatus and entire
subscapularis tears, type C; supraspinatus, superior subscapularis, and infraspinatus tears, type D;
supraspinatus and infraspinatus tears, and type E; supraspinatus, infraspinatus, and teres minor tears.
Tears where the supraspinatus, the infraspinatus and the teres minor tendons are involved are called
posterosuperior rotator cuff tears [3, 7, 27].

== = / ==
supraspinatus I = '
infraspinatus
superior

subscapularis Type A Type B Type C
inferior
subscapularis [ o

4/ 4
i

teres minor

Type D Type E
Figure 3: Classification by involved tendons by Collin et al. [7]

1.2.2  Classification by tear thickness

In the case of a rotator cuff tear, a distinction is made between partial and full thickness tears. In
partial thickness tears the involved tendon is not fully torn along its thickness. They can be classified
by the involved surface and by the extent of the tear. A partial tear can be either articular or bursal. An
articular sided tear is facing towards the shoulder joint and an bursal sided tear is facing away from the
shoulder joint. In the Ellman classification the extend of the partial thickness tear is divided into three
categories: superficial disruption of tendinous fibers (grade 1), depth not exceeding one half of the
tendon thickness (grade 2), and the continuity of the tendon appears insufficient (grade 3). An example
of a grade 3 partial articular tear is shown in Figure 4 on the right. [6]

In a full thickness tear the tear is torn along it complete extend, as Figure 4 shows on the left.
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Figure 4: A full thickness tear of the supraspinatus tendon (left); A partial thickness tear of the
supraspinatus tendon (right) [6]

1.2.3  Classification by tear size

There are few classification systems that consider only the size of the tear. The two best known
classification systems for tear size were defined by DeOrio and Cofield and Patte. DeOrio and Cofield
classified the tear sizes measured during surgery according to the tear width of the tendon torn off
from the humeral head. The tears are classified in small (>1 cm), medium(1 — 3 cm), large (3-5 cm),
and massive (> 5 cm). This system has the disadvantage that it is only one-dimensional and that the
difficulty of a repair is overestimated.

The Patte system is a common classification for measuring retraction in the coronal plane on MRI
images. It includes three levels used to measure retraction relative to the glenoid, as shown in Figure 5.
Retraction is due to the shortening of tendons and muscles and is a good indicator of the reparability of
the tear, since larger and older tears with marked muscle atrophy and fatty infiltration tend to have a
higher retraction. [3, 6, 13, 18]

— —— —

STAGE 1 STAGE 2 STAGE 3

Figure 5: The three stages of the Patte classification system

1.2.4  Classification by tear pattern

The tear pattern of posterosuperior rotator cuff tears gives an indication of how the rotator cuff should
be repaired, as showed earlier in Figure 2. There are four common tear patterns in Figure 6: crescent-
shaped tears, U-shaped tears, L-shaped and reversed L-shaped (rL-shaped) tears, and massive tears.
The pattern of a tear is defined by the tear width and the retraction and the location of the tear in the
supraspinatus and infraspinatus tendons. The distinction between L-shaped and inverted L-shaped
tears depends on the anatomical direction from which the tear originates. [9]
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Figure 6: A) crescent-shaped tear; B) U-shaped tear; C) L-shaped tear; D) massive tear [10]

1.2.5 Classification by multiple factors

The Snyder and ISAKOS classification system take multiple factor into account to give an estimate of
the outcome of a rotator cuff repair. The Snyder classification systems is develop for full thinks tears
and is defined as follows:

Table 1: Snyder classification of complete tears posterosuperior tears [6, 13]

Class Definition Prognosis

Small, complete tear, such as a puncture wound
(<lcm)
Moderate tear (usually <2 cm) that still
encompasses only one of the rotator cuff tendons
(supraspinatus) with no retraction of the torn
ends
Large, complete tear (usually 3—4 cm) involving
cl two tendons with minimal retraction of the torn Repairable
edge
Massive rotator cuff tear involving two or more Partially repairable or irreparable
rotator cuff tendons, frequently associated with
cIv retraction and scarring of the remaining tendon
ends and fatty degeneration of the respective
muscles.

Cl Repair is easily obtainable

cl Repair is easily obtainable

The ISAKOS classification system described in Table 2 considers location, extension, pattern, fatty
atrophy, and retraction. ISAKQS stands for International Society of Arthroscopy, Knee Surgery, and
Orthopedic Sports Medicine and consist of surgeons all around the world. It is possible to classify all
types of tears such as partial and full thickness tears and also posterosuperior and anterior tears. The
creators of the system give no prognosis for the outcome of a rotator cuff repair but they state that it is
a complete and straightforward, user-friendly method to describe all rotator cuff tears and give the
surgeon the possibility to predict difficulties rotator cuff repair. [3, 6, 13]
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Table 2: ISAKOS classification system [3]

. . Fatty atrophy Retraction
Location (L) Extension (E) Pattern (P) (A) 9 (R) 9
. A (Articular)
Partial thickness posterosuperior Zgg zﬁ; :E:gtggzz B (Bursal) SSO 1SO
I (Interstitial) SSs1 IS1
cl1 Crescent SS2 1S2
Full thickness posterosuperior cl U-Shape SS3 1S3
(SS-1S) cim L-Shape SS4 1S4
Clv rL-Shape 1
19 SCO 2
2 SC1 3
Anterior (SC) 3 SC2
4 SC3
5 SC4

SS: Supraspinatus; IS: Infraspinatus; SC: Subscapularis
4 Snyder classification; ®) Lafosse classification; © Gutallier classification; 9 Patte classification

The classification according to Lafosse and Gutallier is not used in this thesis and therefore not
explained further.

1.3 Current practice and related work

Currently all in 1.2 explained classifications are extracted either from preoperative imaging techniques
such as MRI or intraoperatively during the surgery. To get an accurate classification highly
experienced surgeons or radiologists are needed and the interrater reliability between different raters
is only moderate.

A study conducted in 2012 found that the interrater reliability among three orthopedic surgeons in the
Patte classification from T2 weighted coronal MRI images was only moderate with a Cohen's kappa
coefficient of x =0.58 [19]. Another study from 2013 found that the distinction between no tear,
partial tear or full thickness tear of the supraspinatus tendon from MRI among 16 orthopedic surgeons
had also a moderate interrater reliability with x =0.6. If the classification was only done by grouping
the tears into no full thickness tears and full thickness tear the interrater reliability was substantial with
x=0.77 [11].

Deep Learning with convolutional neural network based methods is a well-suited technique for
solving image-based problems in the medical field. Therefor it can also be used to identify of classify
rotator cuff tears. In the field of musculoskeletal applications, the number of publications involving
Deep Learning has increased significantly in the last decade. The applications can be classified into
four categories: Segmentation, Classification, Lesion Detection, and Non-Interpretive Tasks.
Segmentation is a process in which image content is grouped pixel by pixel into different categories.
In this way, anatomical structures can be extracted from medical images. Some examples are the
segmentation of cartilage, bone and the proximal femur. In classification, the algorithm outputs the
probability of assigning a given input image to a particular category. Some previously published
musculoskeletal examples include: Bone age assessment or sex determination. Lesion detection is a
subcategory of classification tasks where the output of the algorithm is the presence or absence of a
particular lesion, e.g., fracture or meniscal tear detection. The last category is non-interpretative tasks,
which can be best described by some examples: Improving the image quality of low-dose CT images
or low-sampling MRI images, or accelerating the acquisition of MRI images.[5]

Deep learning based approach to classify the fatty atrophy from MRI images were already used and
had similar accuracy compared to classified images from surgeons [21, 28].

Fully automated classification of rotator cuff tears based on their tear thickness and by its size were
done recently by Kim et al. and Shim et. al [22, 30].
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Kim et al. fully automatically grouped coronal T2 weighted MRI images in to normal, partial
thickness tear or full thickness tear by using an deep neural network. They were also able to localize
the tear in the image by class activation maps. A Class activation map is an explanation method to
detect on which pixels the convolution neural network focused to make is decision for the
classification [32]. One drawback of class activation maps is that the location of the lesion only
roughly can be detected. The network was trained on a data set with of total 2477 MRI images (1963
training, 242 Validation, 242 testing) and they achieved an accuracy of 0.87 on the testing set. The
ground truth for the training set was two times labeled by a single orthopedic surgeon with more than
10 experience using an interval of two weeks in between. The dataset they used was skewed and had
much higher number of normal shoulder then shoulder with a tear. [22]

Shim et al. did something similar to Kim et al. but they grouped the rotator cuff tears into five classes
by also consider the size of the tear. The classes are: None, partial, small, medium, Large-to-Massive.
To localize the tear they used also class activation maps. The dataset consist of 2124 patients (1924
training, 200 testing) with axial T1 weighted MRI images, coronal and sagittal T2 weighted MRI
images. Their neural network achieved an accuracy of 0.69 and an top 1 + 1 accuracy of 0.875 which
was significantly better compared to the classification done by four orthopedic shoulder specialists.
The diagnostics time of the algorithm is with 0.01 seconds significantly shorter comparted to the
orthopedic shoulder specialists with a diagnostic time of 20.3 seconds. The ground truth was obtained
retrospectively during surgery. [30]

1.4 Aim of this Thesis

The aim of this work is the fully automated quantification and classification of a full-thickness
posterosuperior rotator cuff tear from MRI images using a deep learning based approach. The
classification is based on the retraction and the tear width in millimeters. The obtained measurements
are used to give indications of the pattern of the tear, to classify the extensions according to the Snyder
classification and to classify the retraction according to the Patte classification. In this work, a
different approach was used compared to Shim et al. and Kim et al. by first segmenting the tear and
then extracting the measured values from the segmented area. This approach allows a neural network
to be trained with only 57 patients. In contrast to a classification task, segmentation requires less data.
An additional advantage is that the segmented area of the tear can be represented as a three-
dimensional volume, which allows the surgeon to interpret the shape and extend more easily. The
accuracy of the extracted measurements was compared with two orthopedic shoulder specialists.
Within this thesis, the automatic algorithm for tear shape classification based on tear segmentation is
presented along with verification of the algorithms accuracy as compared to manual and clinical
measurements. To make the concept available to surgeons the algorithm was implemented in a
webapp which is easy to use.



2 Material and Methods

A method for automatic size quantification and classification of full thickness rotator cuff tears was
developed based on automatic segmentation of the tear. For automatic segmentation of the rotator cuff
tear from MRI, a neural network was trained with ground truth manual segmentations of MRI images
created by a clinical shoulder expert. An algorithm for automatic calculation of the tear width and
retraction based on the segmented tear data was developed along with a method for automatic
classification.

The accuracy of the automatic segmentation algorithm was evaluated against ground truth
segmentations. To verify the entire automatic tear evaluation pipeline, tear size and classification
calculated with the developed methodology were evaluated against intraoperative tear measurements
in a preliminary clinical study.

4

Yy N o —
Automatic .
. . Extract tear Classify tear Show results
Load images segmentation . — T .
size by its size in webapp

) of the tear

Figure 7: Overview of the whole pipeline for automatic quantification and classification of a
rotator cuff tear.

2.1 Methods used to Quantify and Classify Segmentation

For quantification and classification, retraction and tear width were calculated in millimeters from the
manual and automatic segmentations according to the formulas (2.1) and (2.2). The extracted
measurements were further used to classify the rotator cuff tear by its extension, pattern, and
retraction. Therefore, the classification of full thickness posterosuperior tears from ISKOS in

was applied. Due to the lack of spatial context, some of the classifications could not be applied
directly. For example, it is not clear from the predicted segmentation which tendons are affected
because the tendons are not segmented.

2.1.1 Quantification of Tear Size from Segmentation

A method for automatically quantifying the tear size was developed. Tear parameter analysis from a
segmentation in anisotropic data is performed in two different ways. The in-plane evaluation is done in
the high-resolution plane of the MRI image. Additionally, the segmentation is evaluated in the
direction orthogonal to the in-plane slices. However, this orthogonal shows a significantly lower
resolution due to the high-slice thickness, and therefore results in a lower accuracy.

The in-plane calculation of the tear retraction is applied in the coronal slice, whereas the tear width is
analyzed in the sagittal slice.

The in-plane tear measurement is done in the following procedure:

The algorithm evaluates in each segmented slice i the distance d; between the two points on the border
of the segmentation with the largest distance to each other p;, gi.

The tear retraction in the coronal plane and the tear width in the sagittal plane (dinpiane) is defined as the
greatest of theses distance (d;) according to equation (2.1).
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Segmentation

3D volume of
segmentation

Figure 8: Quantification of the tear size in coronal view. To quantify the tear size the retraction
and tear width are measured.

The tear size in the image plane is defined as

Oinprene (P 0) = (A, — P) PS,)* +((@, — ,) PS,)” (2.1)
where the position of the points p and  are described in pixels. To get the size in millimeters, the
difference between the two points in x- and y-direction must be multiplied with the respective pixel
spacing ps, and ps, .

Additionally, the tear is evaluated in an orthogonal manner along the low-resolution direction. To
evaluate the tear in the orthogonal direction, the number of slices with a tear segmentation is
multiplied with the slice thickness. This orthogonal measure dornogonal @llows the measurement of the
tear width in the coronal view and the tear retraction in the sagittal view.

The tear size orthogonal to the image plane was calculated by only considering the difference in the z
direction, which is the same as the number of slices which are segmented, as shown in formula (2.2),
where st, describes the slice thickness.

dOnhogonaI (r1 S) = ‘\/ ((rz - Sz)Stz)2 (22)

2.1.2  Classification of the Extension

For classification of the extension, the Snyder classification was used, which is described in Table 1.
The Snyder classification had to be adapted because of lack of spatial context. Because tendons are not
segmented by the algorithm or by clinical experts, no number of affected tendons can be determined
when applying the Snyder classification. The complete classification decision tree is shown in Figure
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Retraction (R),
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Figure 9: Adapted decision tree of the Snyder classification. The number of involved tendons are
not considered in this decision trees.

2.1.3  Classification of the Tear Pattern

For identification of the tear pattern, the method suggested by Davidson and Burkhart [10] was used.
The method was originally applied for manual prediction of the tear pattern from MRI images. The
patterns were classified into crescent-shaped tears, longitudinal tears, and massive tears. L-shaped, rL-
shaped, and U-shaped tears are all classified as longitudinal tears. The decision tree is shown in Figure
10.

Crescent- Longitudinal Massive
shaped tear tear tear

Retraction (R),
Tear width (W)

Figure 10: Decision three to predict the tear pattern by Davidson and Burkhart

2.1.4  Classification of the Retraction

The retraction is classified by the Patte classification. Usually, the retraction is classified by its relative
position to the humeral head. It was not possible to apply the original Patte classification, since the
humeral head was not segmented. Thus, the grades of the retraction were determined relative to the
mean diameter of the humeral head. As reference a mean diameter of 45 mm was used [15, 23]. The
tear was classified as grade | if the retraction was smaller than 22.5 mm. If the retraction was between
22.5mm and 45 mm it was classified as grade Il and if the retraction was larger than 45 mm it was
classified as grade IlI.

To evaluate the accuracy of the neural network compared to the ground truth, all measures and
classifications described are determined from the predicted segmentation and the ground truth
segmentation.

2.2 Data Acquisition and Patient Selection

For all tasks a dataset with coronal and sagittal slices of PD TSE fs, PD Blade and T2w MRI images
was used. The images from the dataset were acquired from different MRI scanners in different
institutes and thus show a high variance. Nevertheless, all patients underwent surgery in the same
clinic. Table 3 shows the reasons of these variances. Reasons for this variance are the different
demographic factors of the patients and the different acquisition of the MRI images. In general, the
larger the variance and the smaller the area to be segmented, the more data is needed for an accurate
segmentation result [24].
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Table 3: Summary of patient demographics and image acquisition

Patient demographics Image acquisition
# Patients 57 Anatomical Direction (Cor/Sag) 57146
Age (years) 58.6 (22-77) # Institutions 17
Gender (M/F) 37/20 # Manufacturers 3
Laterality (R/L) 37/20 # Models 11
Tear width (mm) 20.3 (6.8-68.3) Magnetic Field Strength (1.5T/3T) 49/54
Tear retraction (mm) 24.3 (8.6-57.8) Sequence Cor (PD TSE fs/PD Blade fs/T2w) 54/2/1
Sequence Sag (PD TSE fs/PD Blade fs/T2w) 39/4/3
Spacing between slices (mm) 3.5(2.4-4.4)
Pixel spacing (mm) 0.34 (0.21-0.63)

The selection of the patients for the dataset is described in Figure 11. As a first step 121 patients who
underwent surgery in the same clinic and suffered from a reparable rotator cuff tear were selected.
Only full thickness tear patients with coronal PD TSE fs, PD Blade fs or T2w MRI images were
selected. If a sagittal view of the selected patients was available, it was also included into the dataset.
The final number of selected patients was 57.

Patients with a reparable rotator
cuff tear
n=121

Excluded n=24
P No coronal pd tse fs, pd blade fs or T2w MRI

4 Limages available
y
Coronal pd tse fs, pd blade fs or T2w MRI images available
n=97
Excluded n=40
o | - No visible or anterior tear n= 37
> : .
- Distortion from previous surgery n=1
- Error with file format n= 2
A4
Final number of patients
n=57
Coronal images Sagittal images
n=57 n=46

Figure 11: Patient selection for rotator cuff tear quantification

All MRI images were transferred from the DICOM format to NIFTI files. This allowed a more secure
anonymization and an easier organization of data. NIFTI files do not save patient specific information,
but save all image information in one single file, containing only metadata which are relevant for the
representation of the images.

The ground truth segmentation was performed by an orthopedic surgeon, specialized in shoulder
surgeries.

2.3 Network Architecture, Software and Libraries

For the realization of the ground truth segmentation, the software ITK Snap version 3.8.0 was used.

A 2D patch-based U-net was used to automatically segment a rotator cuff tear. The U-net is a
convolutional neural network developed for medical image segmentation by Ronneberger et al. [29]. It
is the current state of the art method to perform a segmentation task in this field. A patch-based
segmentation algorithm allows efficient training by extracting 2D patches from 3D MRI images.
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The MRI images from the dataset described in O have a spacing between slices of around 3.5 mm
between each coronal or sagittal slice, respectively. A rotator cuff tear is a small lesion compared to
the whole image volume and the spacing between slices. A 2D U-net can still handle such spacings
and lesion sizes, which is why it was the preferred architecture of the neural network.

The entire algorithm was implemented in Python version 3.8.2. For the preprocessing and the
implementation of the patch-based pipeline TorchlO version 0.18.36 was used. For the training of the
neural network the deep learning framework PyTorch version 1.8.1 was used.

2.4 Segmentation Pipeline for the Training Phase

Figure 12shows the entire segmentation pipeline in the training phase. Since the images were acquired
from different MRI scanners in different institutes, the images had to be preprocessed to ensure a
similar distribution and range of intensities of all images [25]. At first, a histogram normalization was
applied to the images. Furthermore, a z-score normalization was applied to the images to have a mean
of zero and a unit variance. To account for the occurrence of left and right shoulder in the dataset, the
images were randomly flipped along the medial axis with a probability of 0.5. To address for the
different spacing of the pixels, random affine and elastic transformations were applied to the images,
involving the scaling of the images. The advantage of all these transformations was the artificial
enlargement of the dataset. The preprocessing being performed on the whole MRI image and not only
on specific 2D slices guarantees a more concise preprocessing especially for the normalization of the
images.

2D slices with the shape of 256x256 were randomly picked by a label sampler from the preprocessed
3D images. This ensured that the probability of randomly selecting a field with labeled voxels in the
center was 0.5. The patch size was chosen large enough to ensure that all relevant features to detect a
rotator cuff tear are contained in the sampled patch.

To evaluate the accuracy of the neural network, a seven-fold cross validation was performed. The
dataset was divided into seven groups. Consequently, the network was trained seven times. Each
training iteration a different dataset group was the validation dataset. The other six groups were used
as the training dataset. Thanks to that process the performance of the network was evaluated on unseen
data and on the whole dataset.

Pre-processed and 2D Slice (256 x 256) Forward pass Predicted Segmentation

Input 3D Volume

arbitrary shape augmented 3D Volume

Pre-processing and - Sampling 2D Slice from
augmentation volume

Pre-processing
Histogram Standardization
2Z-Score Normalization

2D U-Net with 5
encoding blocks,
batch normalization

Optimization Step .
Label sampler Dice-Loss

Probability of sampling background: 0.5, Probability
. of sampling foreground: 0.5
Augmentation Patch size: 256x256 Ground Truth Segmentation
Random Flip, p=0.5 Batch size: 16
One of, p=0.5:

Random affine: angle 5° ,scaling +- 20 %, p=0.8

Random elastic deformation, p=0.2

r e

Figure 12: Illustration of the segmentation pipeline during the training process.
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2.5 Segmentation Pipeline for the Prediction

The segmentation pipeline used to perform a prediction is shown in Figure 13. The input MRI images
were preprocessed with a histogram normalization and a z-score normalization. They were fed into the
trained neural network and split up in several 2D image patches with a shape of 256x256.

The grid sampler was applied to ensure that for every patch of an image a segmentation was predicted.
After the prediction, all segmentations were aggregated back to a 3D image of the same shape as the
input image. Only the largest connected component of the prediction was kept.

The size of the rotator cuff tear was extracted by finding the largest extend in every coronal or sagittal
slice, depending on which anatomical direction the input MRI image was acquired. The size of the tear
orthogonal to the image plane was found in the same matter. These measurements would be less
accurate due to the high slice thickness of the images.

2D slice (256 x 256) Forward pass Predicted segmentation

Input 3D volume Pre-processed 3D volume
arbitrary shape

Sampling 2D slice from
volume

Pre-processingand
augmentation

—lp .
—_— 2D U-Net with 5
encoding blocks,
batch normalization
Pre-processing Grid sampler Aggregate patches to
Histogram Standardization Extract patches across the 3D volume
Z-Score Normalization whole volume
Quantify and classify Extract biggest blob
Tear size segmented area
Shape
—
Extension -

Figure 13: lllustration of the segmentation pipeline when performing a prediction with the
trained neural network and postprocessing.

2.6 Manual Segmentation

To evaluate the manual segmentation 27 patients from the dataset were segmented by two surgeons.
This allows to determine how difficult the segmentation of the a rotator cuff tear is. For this task only
the images in coronal view were used. Images acquired in this view are of high interest, because it is
possible to measure the retraction of a rotator cuff tear more accurately. As the retraction lies in plane
with the coronal view, the formula (2.1) was used to calculate the retraction. The retraction is a more
important indicator of the reparability of the tear, compared to the tear width. The width is not in plane
with the coronal view, thus was calculated with the formula (2.2).

2.7 Pre- & Intraoperative Measurements

Since the patients in the dataset described in Figure 11 had already had their shoulder surgery it was
impossible to measure pre- or intraoperatively. Therefore, for seven additional patients, the retraction
and the tear width were measured in a prospective manner.

The conventional preoperative measurement was performed using the MRI images. To exclude
measurement bias, these measurements were performed by a third surgeon.

The surgical tool for the intraoperative measurement was a probe with engravings similar to the one
shown in Figure 14. As this probe is used to assess the integrity of anatomical structures, there was no
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additional risk to the patient when measuring the size of rotator cuff tear. The pattern and the Patte
grade were also determined during the surgery.

Figure 14: Probe for intraoperative measurements of the rotator cuff tear. [13]

2.8 Metrics

The segmentations were evaluated with the metrics described in this section. To make a comparison
possible, these metrics were used for the manual segmentations as well as the automatic
segmentations.

2.8.1 Dice Score
The dice score is a measure to evaluate the similarity of the segmented area and is defined as follows:

_2|X Y|
X[
Where X is the first segmented volume and Y is the second segmented volume.

Dice (2.3

2.8.2  Absolute error of Euclidean distance
The absolute error of Euclidean distance is a measure to get the difference between two distances. The
absolute error of Euclidean distance is defined as follows:

dError = (dl _d2)2 (24)

2.8.3 Accuracy
The accuracy is a measure used for classification tasks. It states how many samples were classified
right. The accuracy is defined as follows:

nsamples -1

> U =Y) (2.5)

samples =0

Where ¥ is the true class of the sample, y is the predicted class of the sample.

Accuracy(y, V) =

2.8.4 Cohen kappa
The Cohen's kappa coefficient is a measure for interrater reliability of categorical classifications tasks.
Cohen's kappa coefficient x° is defined as follows:

=t P (2.6)

1-p,
Where p, relative observed agreement and p_ is the hypothetical probability of chance agreement.
The results can be interpreted in the following way: poor agreementx <0, slight agreement
x=[0,0.2], fair agreement x=10.2,0.4], moderate agreement  =]0.4,0.6], substantial agreement

x =10.6,0.8], almost perfect agreement x =10.8,1].
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2.9 Evaluation of Manual Segmentation (Interrater Reliability)

In this section the comparison of the manual segmentation of two surgeons is described. To compare
the segmented volumes, the dice score was used. For the comparison of the distances of retraction and
tear width, the absolute error of Euclidean distance was calculated. The accuracy and Cohens Kappa
were calculated to evaluate the classifications.

To obtain the error of manual segmentation, the interrater reliability of the retraction and the tear
width was determined. On the basis of the manually measured distances of retraction and tear width,
the classification of the tear according to Snyder, the pattern and Patte was made for both surgeons and
then evaluated.

2.10 Evaluation of Automatic Segmentation

In this section the comparison of the automatic segmentation and the ground truth is described. To
compare the segmented volumes, the dice score was used. For the comparison of the distances of
retraction and tear width, the absolute error of Euclidean distance was calculated. The accuracy and
Cohens Kappa were calculated to evaluate the classifications.

To obtain the error of automatic segmentation, the distances of the retraction and the tear width was
determined. On the basis of the manually and automatically measured distances of retraction and tear
width, the classification of the tear according to Snyder, the pattern and Patte was made and then
evaluated.

2.11 Comparison Between Manual and Automatic
Segmentation

In this section the comparison of the manual segmentation with of the automatic segmentation is
described. To compare the segmented volumes, the dice score was used. For the comparison of the
distances of retraction and tear width, the absolute error of Euclidean distance was calculated. The
accuracy and Cohens Kappa were calculated to evaluate the classifications.

The error of manual segmentation was obtained as described in 2.9.

To obtain the error of the automatic segmentation the same calculations and classifications were
performed as for the error of the manual segmentation. Here, the measurements and classifications
were taken between the automatic segmentation and the ground truth. The ground truth was segmented
by one of the above surgeons.

2.12 Comparison Between Pre- & Intraoperative Measurements
and Automatic Segmentation

In this section the comparison of the pre- and intraoperative measurements and the measurements from
the automatic segmentation is described. For the comparison of the distances of retraction and tear
width, the absolute error of Euclidean distance was calculated. No manual segmentation was
performed preoperatively, thus it is not possible to calculate a dice score. The intraoperative
classifications and the classifications from the automatic segmentations are evaluated with the
accuracy and Cohens Kappa.

2.13 Visualization in Webapp

In order to make the automatic evaluation and classification of a rotator cuff tear accessible to
surgeons, it was integrated into the existing web app Shouldeer [14]. The focus was on simple
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usability and a high level of data security. Shouldeer was only used to visualize the results of this
thesis.
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3 Results

In this section, the results of the manual and automatic segmentation as well as the pre- and
intraoperative measurements are presented. At the end of this section, the user interface of the web app
is explained. To give a sense of what to expect from automatic segmentation, the results of manual
segmentation are shown first.

3.1 Evaluation of Manual Segmentation (Interrater Reliability)

The results of manual segmentation were evaluated using the metrics presented in section 2.8 and 2.9.
The segmented volumes are quantified by calculating the retraction and the tear width from the
segmentation as described in section 2.1.1. Then, the differences of the obtained retraction and tear
width are presented and finally the classification accuracies are shown. All discussed results in this
section were obtained from 27 patients manually segmented in the coronal direction. The
segmentations were held out by an orthopedic surgeon and compared to orthopedic surgeon who
obtained the ground truth.

3.1.1 Segmentation Volumes

The results of the dice score between the two orthopedic surgeon are shown in Figure 15. The results
of the individual patients are represented by dots in the graphic. A mean dice score of 0.50 with a
standard deviation of 0.16 was achieved.
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Anatomical Direction of MRI Image

Figure 15: Boxplots of the dice score between the two surgeon. All MRI images were acquired in
the coronal view.

3.1.2 Distances of Retraction and Tear Width
For the evaluation of the retraction and tear width, the differences of the distances between the two
surgeons are shown in Figure 16. The two boxplots on the right show the absolute difference. The
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retraction was determined in the image plane. Since the surgeon's segmentations were only in the
coronal direction, the tear width was determined orthogonal to the image plane.
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Figure 16: Boxplots of the difference of the retraction and the tear width between the two
surgeons. Retraction was calculated in the image plane. The tear width was calculated
orthogonal to the image plane.

Table 4 shows the mean value and the standard deviation for the same results as shown in the boxplots
in Figure 15.

Table 4: Mean value and standard deviation for the difference and the absolute difference of the
two surgeons.

Retraction Absolute

Retraction difference Width Difference . Width Absolute Difference
Difference

-0.093 mm + 5.20 mm 5.32 mm = 6.56 mm 3.77 mm *+ 3.58 mm 6.00 mm = 6.00 mm

The median and the mean of the retraction difference lies around 0 mm. The retraction difference
compared to the width difference is significantly more accurate. The positive difference of the tear
width indicates that the surgeon segmented the tear on average 5.32 mm smaller than the ground truth.
The absolute difference of the retraction is 3.77 mm and 6.00 mm for the tear width. With a p-value of
0.1032 it is not significantly smaller.
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3.1.3 Classification by Snyder, the Pattern and Patte

The classification of the manual segmentation according to Snhyder, the pattern and Patte are
represented in Table 5. The classification were acquired from the extracted retraction and tear width
from both, the manual segmentation and the ground truth, as described in section 2.1.

Table 5: Results of the classification, with the corresponding accuracy and Cohens kappa. The
retraction was extracted in the image plane and the tear width orthogonal to the image plane of
a coronal MRI image.

Classifications

Classification System (Number of patients)

Accuracy Cohens Kappa

Cl:5

Cll: 11

ClllI: 8

ClV:3
Snyder Cl 7 0.63 0.46
Cll: 12
Cll: 7

Cv:1

Ground truth

Surgeon

Crescent Shaped Tear: 2
Ground truth Longitudinal Tear: 14
Massive Tear: 11
Pattern Crescent Shaped Tear: 1 0.78 0.57
Surgeon Longitudinal Tear: 20

Massive Tear: 6

Grade I: 10
Ground truth Grade II: 11
Grade Ill: 6
Patte Grade I 9 0.93 0.88
Surgeon Grade I1: 13

Grade Ill: 5

The Cohens kappa value for the Snyder classification is 0.46, indicating only moderate agreement in
the lower range between the surgeon and the ground truth.

A Cohens kappa value of 0.57 is obtained for the classified patterns of the tear. This indicates
moderate agreement close to the border of substantial agreement. The accuracy of this classification is
0.15 higher compared to the Snyder classification.

An almost perfect agreement with a Cohens kappa value of 0.88 and an accuracy of 0.93 was obtained
for the Patte classification. For all classification tasks, the Patte classification was the most accurate in
manual segmentation.

3.2 Evaluation of Automatic Segmentation

The results of automatic segmentation were evaluated in the same way as the results for the manual
segmentation. This allowed a comparison of the results between manual and automatic segmentation.
All discussed results in this section were obtained automatically from 57 patients automatically
segmented in the coronal direction and from 46 patients automatically segmented in the sagittal
direction. The automatic segmentations were done by the network pipeline described in 2.5. The
results were compared to the ground truth.
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3.2.1 Segmentation Volumes

Figure 17 shows boxplots of the dice score. The dice score of the coronal view was calculated for all
57 patients compared to the ground truth and the dice score of the sagittal view was calculated for all

46 patients having also a sagittal MRI image. The right boxplot shows the combined results.
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Figure 17: Boxplots of the dice score between the ground truth and the automatic segmentation.
All MRI images were acquired in the coronal and sagittal direction. Additionally a boxplot of all
the dice scores combined is shown on the right.

There are no significant differences in the dice scores related to the direction of the MRI image. As
shown by the results of the boxplots and in Table 6, a dice score of 0.41 was obtained in the coronal
direction and 0.38 in the sagittal direction. Automatic segmentation detected falsely no tear in 12 of 57
cases in the coronal direction and in 10 of 46 cases in the sagittal direction.

Table 6: Mean value and standard deviation for the dice score between automatic segmentation
and the ground truth in the coronal and sagittal direction as well as both results combined.

Dice Coronal Direction Dice Sagittal Direction Dice Sagittal & Coronal Direction

0.41+ 0.25 0.38 + 0.25 0.40 + 0.25

3.2.2 Distances Retraction and Tear Width

For the evaluation of retraction and tear width, the differences of the distances to the ground truth are
shown in Figure 18 and Figure 19. Since automatic segmentation was performed on all coronal and
sagittal acquired MRI images, it was possible to obtain the retraction and tear width in the image
plane. To allow comparison with manual segmentation, tear width was also obtained from all coronal
MRI images orthogonal to the image plane. Since the evaluation of the manual segmentation was only
performed on coronal MRI images.

Figure 18 shows boxplots of the differences to the ground truth for all 57 coronal MRI images. The
retraction was evaluated in plane and the tear width was evaluated orthogonal to the image plane.
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Figure 18: Boxplots of the difference of the retraction and the tear width between ground truth
and automatic segmentation. The retraction was calculated in the image plane. The tear width
was calculated orthogonal to the image plane.

The mean values of the same results as shown in Figure 18 are represented in Table 7. The mean value
of the retraction difference is 0.93 mm with a standard deviation of 9.18 mm. The positive difference
means that the automatic segmentation overestimates the retraction by 0.93 mm. The negative
difference of -5.74 mm with a standard deviation of 9.65mm indicates that the automatic
segmentation underestimates the tear width by 5.74 mm.

Figure 19 shows boxplots of the differences from the ground truth. Retraction was calculated in the
same way and based on the same MRI images as in Figure 18. The tear width was calculated from the
46 sagittal images of the dataset. The sagittal images allow the tear width to be calculated in the image
plane as well.
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Figure 19: Boxplots of the difference of the retraction and the tear width between ground truth
and automatic segmentation. The retraction and tear width were calculated in the image plane.
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The mean values of the same results as shown in Figure 19 are represented in Table 7. The mean value
of the retraction difference is the same as in Figure 18. Since, the calculation were the same as in
Figure 18. The difference of the tear width is 0.23 mm with a standard deviation of 9.62 mm.
Therefore the tear width is insignificantly underestimated.

The absolute difference of the calculated tear width in image plane is 1.38 mm smaller compared to
the tear width calculated orthogonal to the image plane. The absolute difference of the tear width
compared to the absolute difference of the retraction is 0.11 mm and thus insignificant higher if both
are calculated in the image plane.

Table 7: Mean value and standard deviation for the difference and the absolute difference of the
automatic segmentation to the ground truth.

Retraction Absolute Width Absolute
Difference Difference

0.93 mm +9.18 mm -5.74 mm £ 9.65 mm 6.56 mm * 6.48 mm 8.05 mm = 7.83 mm

Retraction Difference Width Difference

Retraction in plane /
Width orthogonal

Retraction and Width

in plane 0.93mm £9.18 mm 0.23mmz+ 9.62mm 656 mmz+ 6.48mm 6.67 mm*6.93 mm

3.2.3 Classifications by Snyder, the Pattern and Patte

The classification for the automatic segmentation according to Snyder, the pattern and Patte are
represented in Table 8 and Table 9. The classifications were acquired form the extracted retraction and
tear width from the automatic segmentation and the ground truth as described in section 2.1.

The classification was once done from automatic segmentation of only coronal MRI images and once
from coronal and sagittal MRI images from the same patient. To be able to compare the results of the
automatic segmentation to the results of the manual segmentation the classification must be applied in
the same way. To estimate the most accurate segmentation the paired coronal and sagittal automatic
segmentation were considered. Table 8 shows the results of the classifications obtained only from
coronal MRI images. In this case, the retraction was calculated in the image plane and the tear width
was calculated orthogonal to the image plane.

Table 8: Results of the classification, with the corresponding accuracy and Cohens kappa. The
retraction was extracted in the image plane and tear width orthogonal to the image plane from a
coronal MRI image.

Classifications

Classification System (Number patients) Accuracy Cohens Kappa
Cl: 15
Cll: 26
Ground truth chl- 12
ClV: 4
Snyder Cl 10 0.61 0.41
Automatic Cll: 33
segmentation CllI: 8
CV: 6
Crescent Shaped Tear: 5
Ground truth Longitudinal Tear: 36
Massive Tear: 16
Pattern . Crescent Shaped Tear: 13 0.58 0.34
Automatic - ;
seqmentation Longitudinal Tear: 20
9 Massive Tear: 24
Grade I: 32
Ground truth Grade II: 21
Grade I1: 4
Patte JRP— Grade I 31 0.75 0.54
Grade II: 25

segmentation Grade 111 1
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The kappa value for the Snyder classification is 0.41, indicating only moderate agreement in the lower
range between the automatic segmentation and the ground truth.

A kappa value of 0.34 is obtained for the classified patterns of the tear. This indicates fair agreement.
The accuracy of this classification is 0.03 lower compared to the Snyder classification.

A moderate agreement with a kappa value of 0.54 and an accuracy of 0.75 was obtained for the Patte
classification. For all classification tasks, the Patte classification was the most accurate in automatic
segmentation from only coronal MRI images.

Table 9 shows the results of the classifications obtained from paired coronal and sagittal MRI images.
This has the consequence that the retraction and the tear width was calculated in the image plane.

Table 9: Results of the classification, with the corresponding accuracy and Cohens kappa. The
retraction and tear width for the classification were extracted in plane from paired coronal and
sagittal MR images.

Classifications

Classification System (Number patients) Accuracy Cohens Kappa
Cl:9
Cll: 19
Ground truth Clll: 7
CIV: 4
Snyder Cl 7 0.56 0.33
Automatic Cll: 21
segmentation ClI: 9
CV:2
Crescent Shaped Tear: 3
Ground truth Longitudinal Tear: 21
Massive Tear: 15
Pattern . Crescent Shaped Tear: 8 0.64 0.41
Automatic L .
segmentation Longltu_dlnal Tear: 17
Massive Tear: 14
Grade I: 21
Ground truth Grade Il: 16
Grade Ill: 2
Patte 0.82 0.67
Automatic Grade I: 19
segmentation Grade II: 19
Grade Ill: 1

The Cohens kappa value for the Snyder classification is 0.33, indicating only fair agreement in the
lower range between the automatic segmentation and the ground truth.

A Cohens kappa value of 0.41 is obtained for the classified patterns of the tear. This indicates
moderate agreement. The accuracy of this classification is 0.08 higher compared to the Snyder
classification.

A moderate agreement with a Cohens kappa value of 0.67 and an accuracy of 0.82 was obtained for
the Patte classification. For all classification tasks, the Patte classification was the most accurate in
automatic segmentation from only coronal MRI images.

3.3 Comparison Between Manual (Interrater Reliability) and
Automatic Segmentation

In this section the results of the manual and automatic segmentations are compared. To make the
comparison as meaningful as possible only the results which were obtained in the same way were
compared. Since the manual segmentation was only done on 27 coronal MRI images all the results of
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the automatic segmentation were calculated on coronal images as well. The 27 images of the manual
segmentation was a subset of all 57 coronal MRI images used to evaluate the automatic segmentation.

3.3.1 Segmentation Volumes
Figure 20 shows boxplots of the dice score of the manual and automatic segmentations. The dice

scores were calculated by comparing the results to the ground truth.
1.0

0.8

Dice Score
o
[=>]

o
o~

0.2

0.0

Maunal Segmentation Automatic Segmentation
Coronal View

Figure 20: Boxplots of the dice score for the manual segmentation and the automatic
segmentation compared to the ground truth which is obtained by one of the surgeons. The dice
scores were only calculated in the coronal view.

All the results of Figure 20 are summarized in Table 10. The mean dice score of the manual
segmentation is 0.50 with a standard deviation of 0.16. The mean dice score of the automatic
segmentation is 0.41 with a standard deviation of 0.25. The mean manual dice score is 0.09 higher
compared to the automatic segmentation and the standard deviation is 0.09 lower.

Table 10: Mean value and standard deviation for the dice score of the manual and automatic
segmentation. Both are compared to the ground truth which is obtained by one of the surgeons
and segmentation in coronal MRI images.

Dice Manual Segmentation Dice Automatic Segmentation

0.50+0.16 041+ 0.25

3.3.2 Distances Retraction and Tear Width

Figure 21 shows the absolute differences of the retraction and the tear width for the manual and
automatic segmentation. The retraction is calculated in the image plane and the tear width is calculated
orthogonal to the image plane.
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Figure 21: Boxplots of the difference of the retraction and the tear width between ground truth
and automatic segmentation and between the two surgeons. The retraction was calculated in the
image plane and the tear width orthogonal to the image plane.

All results of Figure 20Figure 21 are summarized in Table 11. The mean absolute difference for the
retraction of the automatic segmentation is 6.56 mm with a standard deviation of 6.48 mm. The mean
absolute difference for the retraction of the manual segmentation is 3.77 mm with a standard deviation
of 3.58 mm. Compared to the automatic segmentation, is the manual segmentation 2.79 mm more
accurate and the standard deviation is 2.90 mm lower. Similar results can be obtained for the tear
width. The mean absolute difference for the automatic segmentation is 8.05 mm with a standard
deviation of 7.83 mm. The mean absolute difference for the tear width of the manual segmentation is
6.00 mm with a standard deviation of 6.00 mm. Compared to the automatic segmentation, is the
manual segmentation 2.05 mm more accurate and the standard is 1.83 mm lower.

Table 11: Mean value and standard deviation for the absolute difference of the automatic
segmentation and the manual segmentation compared to the ground truth which is obtained by
one of the surgeons.

Retraction Automatic Retraction Manual Width Automatic Width Manual

6.56 mm = 6.48 mm 3.77 mm = 3.58 mm 8.05 mm = 7.83 mm 6.00 mm = 6.00 mm

3.3.3 Classifications by Snyder, the Pattern and Patte

The comparison of the classification results between the manual and automatic segmentation are
shown in Table 12. All results for the manual and automatic segmentation were obtained in the same
way.

The Snyder classification has the smallest difference between the automatic and manual segmentation
with 0.02 in the accuracy and 0.05 in the kappa value.

The pattern classification shows a significant difference between automatic and manual segmentation.
The Cohens kappa value is 0.23 lower for the automatic segmentation, which is a reduction from a
moderate agreement to a fair agreement.

Also for the Patte classification, is the agreement lower in the automatic classification. It is reduced
from an almost perfect agreement by a moderate agreement.
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Table 12: Results of the classification for the automatic and manual segmentation, with the
corresponding accuracy and Cohens kappa. The retraction was extracted in the image plane and
the tear width orthogonal to the image plane from coronal MRI images.

Classification

Metric Manual Automatic Difference

System
Snyder Accuracy 0.63 0.61 0.02
Cohens Kappa 0.46 0.41 0.05
Pattern Accuracy 0.78 0.58 0.2
Cohens Kappa 0.57 0.34 0.23
Patte Accuracy 0.93 0.75 0.18
Cohens Kappa 0.88 0.54 0.34

3.4 Comparison Between Pre- & Intraoperative Measurements
and Automatic Segmentation

For a further evaluation of the accuracy of the automatic segmentation, additionally pre- and
intraoperative measurements were obtained. The preoperative measurements were performed on a
coronal MRI image of seven patients by an orthopedic surgeon. The intraoperative measurements were
obtained by a second surgeon as described in section 2.7. In this way the measurements are not biased.
The measurements of the automatic segmentation were only calculated from the coronal MRI image of
these patients. All the results are shown in Table 13. If no measurement was obtained it is indicated
with a “-*.

Table 13: Comparison of pre- & intraoperative measurements and automatic segmentation for
retraction, tear width, pattern and Patte classification.

Patient Retraction Width Pattern Patte
Preoperative 41.78 39.6 - -
502 Intraoperative 25 40 Massive Grade 111
Automatic 42.13 36.00 Massive Grade Il
Preoperative 16.12 19.8 - -
503 Intraoperative 15 18 rL Grade Il
Automatic 16.7 19.8 Crescent Grade |
Preoperative 26.86 324 - -
504 Intraoperative 26 37 Massive Grade Il
Automatic 24.86 32.40 Massive Grade Il
Preoperative 38.44 33 - -
505 Intraoperative 22 32 Massive Grade Il
Automatic 37.52 26.40 Massive Grade Il
Preoperative - - - -
507 Intraoperative 23 33 Massive Grade 111
Automatic 43.98 39.60 Massive Grade Il
Preoperative - - - -
508 Intraoperative 14 17 Massive Grade Il
Automatic 18.92 24.15 Crescent Grade |

The classification of the tear pattern differs two times to the intraoperative classification. In the Patte
classification only two times are the same classes obtained.
The retraction measured manually preoperatively has a difference of less than 2 mm compared to all
automatic preoperative measured retractions. For the tear width the results are similar. Only one case
had a higher difference than one slice thickness of 3.6 mm.
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The highest difference from the automatic segmentation to the intraoperative measurements for the
retraction is 20.98 mm. The smallest difference is 1.14 mm. The mean difference is 10.23 mm.
Compared between the pre- & intraoperative measurements, the highest difference of the retraction is
16.78 mm and the smallest difference is 0.58 mm. The mean difference is 5.07 mm.

The highest difference from the automatic segmentation to the intraoperative measurements for the
tear width is 7.15 mm and the smallest difference is 1.8 mm. The mean difference is 5.0 mm.
Compared between the pre- & intraoperative measurements, the highest difference of the retraction is
5.4 mm and the smallest difference is 0.4 mm. The mean difference is 2.08 mm.

3.5 Visualization in Webapp

The user interface of the webapp Shouldeer is shown in Figure 22. All anatomical views of the MRI
images are shown in the window with a red, green and blue border. The segmentation of the tear is
visualized in all the anatomical views. For a better spatial context of the tear a 3D volume is
represented on the window with the yellow border. The results of the retraction, tear width and
classifications are shown on the right side.

File Edit View History Bookmarks Tools Help
Shouldeer X+

O B o localhost - t @ N B »

Upload p» 3D Moddeling [ Analysis Logout

Analysis

New_Patient 504

Retraction

Tear Size: 32.40 mm
Spacing: 0.42 mm

Tear Width

Tear Size: 24.86 mm
Spacing: 3.60 mm

Classification

Snyder classification:
ch

Pattern:

Massive Tear

Patte classification
Grade Il

Figure 22: User interface of the webapp Shouldeer for the quantification of a rotator cuff tear.
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4 Discussion and Conclusions

In the discussion the main findings are pointed out and summarized. In general the results show that an
automatic quantification and classification of a rotator cuff tear is possible. Its comparison to the
interrater reliability shows that some improvements are still necessary to be able to use it in a clinical
environment.

4.1 Discussion

In this section all the results are discussed and the main foundings are pointed out for each conducted
comparison and experiment.

4.1.1 Evaluation of Manual Segmentation (Interrater Reliability)

A dice score of 0.5 is quite low compared to other segmentations tasks in the medical field. As an
example, for bone segmentation a dice score of 0.95 is realistic [5]. This indicates that the task of
segmenting a rotator cuff tear is more difficult, even for clinical experts. This thesis was the first
attempt to quantify a rotator cuff tear from a segmentation. To get a higher dice score between two
clinical experts a clear instruction of the segmentation task must be elaborated.

Despite the low dice score, the retraction and the tear width could be determined accurately between
two specialists. The results also show that, whenever the tear size is quantified in the image plane, it
becomes more accurate.

The highest agreement was achieved in the Patte classification. To determine the grade of a tear in the
Patte classification, only the retraction is used. Once the retraction and the tear width are used to
classify a rotator cuff tear, the classification becomes less accurate because another source of error is
added.

4.1.2  Evaluation of Automatic Segmentation

The dice score for automatic segmentation was 0.4. Additionally, the automatic segmentation falsely
did not detect the rotator cuff tear for some patients. The low dice score is probably due to the high
variance and the relatively small size of the dataset. The smaller the structure to be segmented, the
larger the data set must be in order to be able to map all the characteristics that occur in the different
rotator cuff tears.

Automatic segmentation was shown to work equally well in coronal as in sagittal MRI images, even
though a rotator cuff tear does not look the same in the two anatomical directions.

When calculating both, the retraction and the tear width, in the image plane, the accuracy is increased
for both results. Therefore, it is recommended to determine the retraction always from coronal images
and the tear width always from sagittal images in order to obtain the most accurate result. Particularly,
this is due to the high slice thickness of the MRI images.

In the classifications, the accuracy could be increased when retraction and tear width were extracted
from images acquired in coronal and also sagittal view from the same patient.

4.1.3 Comparison Between Manual and Automatic Segmentation
As expected, the dice score of the automatic segmentation is 0.1 lower than that of the manual
segmentation. Relatively many rotator cuff tears were not detected by automatic segmentation. This
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never occurred with manual segmentation. Probably because the surgeon already knew that it must be
a rotator cuff tear.

The retraction was on average 2.71 mm less accurate in the automatic segmentation compared to the
manual segmentation. With a mean retraction of 20.3 mm in the entire dataset, the difference of
2.71 mm represents an error of 13% of the total retraction. In the tear width, the mean difference
between the automatic and the manual segmentation was 2.02 mm. This is because the tear widths
were determined orthogonally to the image plane and thus both committed the same errors. It is also
noticeable that the standard deviation in the automatic segmentation is higher and therefore the result
is less reliable.

Since the classification is determined from the retraction and the tear width, its error is propagated
from the segmentation error and the calculation error of the retraction and the tear width.

4.1.4 Comparison Between Pre- & Intraoperative Measurements and

Automatic Segmentation

The intraoperative measurements provide information on how accurately retraction and tear width can
be determined manually and automatically from MRI images. Preoperatively, the retraction and tear
width can be determined automatically as accurate as a surgeon does. For all patients, the preoperative
measurements agreed very well with the automatic segmentation results. For the automatic
segmentation, half of the results agreed very well with the intraoperative measurements. However, it is
not clear which measurement is the most accurate. The intraoperative measurements depends on who
is measuring.

A dataset of six patients is too small for a deep analysis of the results. However, the trends show the
possibility of tear measurements from MRI images. With a larger dataset to train the neural network,
automatic segmentation can be brought to a similar level as manual segmentation.

4.1.5 Visualization in Webapp

Consultations and demonstrations with various shoulder surgeons showed that a web app like
Shouldeer can be a great help in planning a rotator cuff tear procedure. The actual accuracy of the
sizes of the rotator cuff tears needs to be further determined together with clinical partners. Shouldeer
provides a concrete example of what a final solution could look like and how simple and user-friendly
itis.

4.2 Conclusions

A fully automatic quantification and classification of a rotator cuff tear is possible. Compared to
related work [22, 30] this approach is completely new due to the segmentation of the tear. This allows
the quantification of the retraction and tear width by its distance in millimeters. This is not possible
when the tear is only classified by a neural network and not segmented. An advantage of this approach
is that the tear can be represented as a 3D volume. This can help the surgeons to assess the tear shape
more accurate and before the rotator cuff repair.

A quantification and classification of a rotator cuff tear can help choosing the right treatment option
and to plan the surgery more precisely. This is important, because nowadays, many decisions such as
the sutures technique and the exact placing of the anchors are made during the surgery.

Due to the high variability in the MRI images and the relatively small dataset this thesis is a proof of
concept and not a final solution that could be implemented in a preoperative software.

The webapp enables a further discussion to define the necessary accuracy and the exact use of a
preoperative quantification and classification of a rotator cuff tear further.
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5 Outlook

The accuracy of the quantified measures can probably be further improved. Since all quantifications
and classifications rely on the automatic segmentation of the neural network, this should be the first
point addressed. A larger dataset can better capture the high variance of a rotator cuff tear. Inclusion of
similar MRI sequences such as T2w and PD Blade fs would increase the dataset. However, a good
balance must be found in order to not increase the variance of the data unnecessarily. Furthermore, it
must be ensured that the manual segmentation of the ground truth is exactly defined. There must be no
doubt about what needs to be segmented.

Narrowing down the field of views during segmentation could be beneficial for automatic
segmentation. For this, a landmark must be detected and the volume around the landmark must be
cropped.

For a further clinical evaluation more intraoperative measurements are necessary. At the moment it is
not sure which measurement is the most accurate, since there were high differences between the pre-
and intraoperative measurements. Also, the extracted classifications according to the tear size should
be validated by a clinical expert. This allows a more precise classification algorithm for the
extensions, the pattern and the retraction.

An additional approach is to use the automatic segmentation as a first suggestion in a semi-automatic
tool. In this way the preoperative quantification of a rotator cuff tear can be easier and faster to use.
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