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Abstract

Objective: To present a novel method for automated segmentation of knee
menisci from MRIs. To evaluate quantitative meniscal biomarkers for osteoarthri-
tis (OA) estimated thereof.

Method: A segmentation method employing convolutional neural networks in
combination with statistical shape models was developed. Accuracy was evalu-
ated on 88 manual segmentations. Meniscal volume, tibial coverage, and menis-
cal extrusion were computed and tested for differences between groups of OA,
joint space narrowing (JSN), and WOMAC pain. Correlation between com-
puted meniscal extrusion and MOAKS experts’ readings was evaluated for 600
subjects. Suitability of biomarkers for predicting incident radiographic OA from
baseline to 24 months was tested on a group of 552 patients (184 incident OA,
386 controls) by performing conditional logistic regression.

Results: Segmentation accuracy measured as Dice Similarity Coefficient was
83.8% for medial menisci (MM) and 88.9% for lateral menisci (LM) at baseline,

and 83.1% and 88.3% at 12-month follow-up. Medial tibial coverage was signifi-
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cantly lower for arthritic cases compared to non-arthritic ones. Medial meniscal
extrusion was significantly higher for arthritic knees. A moderate correlation be-
tween automatically computed medial meniscal extrusion and experts’ readings
was found (p=0.44). Mean medial meniscal extrusion was significantly greater
for incident OA cases compared to controls (1.16+0.93 mm vs. 0.83+0.92 mm;
p<0.05).

Conclusion: Especially for medial menisci an excellent segmentation accuracy
was achieved. Our meniscal biomarkers were validated by comparison to ex-
perts’ readings as well as analysis of differences w.r.t groups of OA, JSN, and
WOMAC pain. It was confirmed that medial meniscal extrusion is a predictor

for incident OA.

Keywords: Biomarker, incident OA, Cartilage, Deep Learning, Knee MRI,

Statistical Shape Models

1. Introduction

Studies show a substantial correlation between meniscal abnormalities and
development of radiographic OA [1 2, Bl [4], development of cartilage loss [5]
6], and progression of cartilage loss [7, [§]. In contrast to conventional semi-
quantitative (SQ) MRI readings, employing the Whole-Organ Magnetic Reso-
nance Imaging Score (WORMS) [9], the Boston-Leeds Osteoarthritis Knee Score
(BLOKS) [10], or the MRI Osteoarthritis Knee Score (MOAKS) [I1], quanti-
tative meniscal measures are needed to better classify the grade of OA and to
identify patients, which have a high risk of developing OA. The potential of
quantitative meniscal measures as biomarkers was shown for the prediction of
incident OA [12], cartilage loss [13], and for the differentiation between arthritic

and non-arthritic knees [14].
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Quantitative meniscal measures (e.g. meniscal volume and tibial coverage) re-
quire a 3D segmentation of the menisci. Manual segmentation is tedious, time-
consuming, and labour intensive. Durations of approximately 35 minutes have
been reported for a full segmentation of a meniscus [I5]. Thus, several semi-
automatic and fully automated methods have been developed. Paproki et al.
[16] proposed a fully automated method which utilizes an Active Shape Model
scheme [I7], in which the shape model is deformed using a template matching
procedure minimizing the normalised-cross-correlation between intensity distri-
bution profiles and the corresponding templates. Paproki et al. evaluated their
segmentations with the help of manual segmentations provided by Imorphics
(Manchester, UK). The “Imorphics gold standard” (IGS) data contains manual
segmentations of cartilage (patellar cartilage, femoral cartilage, medial and lat-
eral tibial cartilage) and menisci (medial and lateral separately) from sagittal
water-excited Double-Echo Steady-State (DESS) MRI sequences of 88 knees,
both, baseline and 12-month follow-up. These IGS data is publicly availableﬂ
as part of the Osteoarthritis Initiative (OAI), which is a multi-center, longitu-
dinal, prospective observational study of knee OA. Paproki et al. [16] reported
a median Dice Similarity Coefficient (DSC) of 78.3% for medial menisci (MM)
and 83.9% for lateral menisci (LM) at baseline, and 75.3% (MM) and 83.0%
(LM) at 12-month follow-up. For evaluation of meniscal measures as potential
OA biomarkers, they estimated meniscal volume, tibial coverage, and meniscal
extrusion based on segmentation masks acquired by their menisci segmentation
method as well as via segmentations of knee bone structures and bone-cartilage
interface using a different method [I8]. They observed significant differences
for meniscal volume, tibial coverage, and meniscal extrusion between groups of

radiographic OA and joint space narrowing (JSN).

Lhttps://oai.epi-ucsf.org/datarelease/iMorphics.asp



40

45

50

55

60

65

Dam et al. [I9] presented a method for fully automated segmentation of arthritic
menisci and cartilage employing several intensity- and position-based image fea-
tures in combination with k-nearest neighbors (k-NN) classification. Their eval-
uation of segmentation results with respect to the IGS data lead to a mean DSC
of 76% (MM), 83% (LM), 81.2% for medial tibial cartilage (MTC), and 86.6%
for lateral tibial cartilage (LTC).

Recently, Convolutional Neural Networks (CNNs) have shown great potential
when applied to musculoskeletal image segmentation tasks. The main benefit
of CNNs compared to classical hand-engineered features is, that convolutional
image filters are learnt in an optimization process. Thus, they are adapted
in an automated fashion for a high-level representation of the training image
data in the best possible way. This requires a mask representing the objects
of interests, which can be seen in the image. Prasoon et al. [20] presented an
approach for tibial cartilage segmentation using three 2D CNNs, which utilize
the axial, coronal, and sagittal image planes of the 3D MRI as input images. Liu
et al. [22] published a method employing the CNN architecture “SegNet” [21]
in combination with 3D simplex deformable modeling. They showed that the
SegNet (originally developed for road and indoor scene segmentation tasks) can
be successfully trained on medical images and applied to the task of cartilage
and bone segmentation of the knee joint.

In this paper we present results of a fully automated segmentation method
for knee menisci based on CNNs in combination with Statistical Shape Models
(SSMs). We compare the segmentation accuracy of our method to a publicly
available implementation of SegNet [2I]. As a side note, we also report prelimi-
nary results for segmentation of tibial cartilage using CNNs only. Segmentation
accuracy was evaluated with the help of the IGS data. Based on our segmenta-

tions, an analysis of meniscal volume, tibial coverage, and meniscal extrusion as
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suitable biomarkers for OA has been performed. We investigated the relation-
ship between these meniscal measurements and various OA features, i.e. JSN,
OARSI OA grade, and WOMAC pain score. We further compared our auto-
mated meniscal extrusion quantification to manual SQ scoring using MOAKS
by Boston Core Imaging Lab, which is part of the OAI FNIH dataﬂ Finally,
we investigated whether our meniscal extrusion measures are suitable indicators

for incident OA.

2. Materials and Methods

In this section the cohorts, the assessed methods, as well as the evaluation
metrics and experiments are described. As shown in Fig. 1, our presented
method consists of three steps: I) Sagittal 2D DESS MRI slices were segmented
with 2D CNNs. II) The resulting 2D masks were concatenated to a 3D mask
for each MRI dataset. SSMs were adjusted in order to remove small isolated
regions in the segmentation (“segmentation islands”) as well as to reconstruct
anatomically plausible menisci and to distinguish between medial and lateral
ones. IIT) 3D image subvolumes were extracted from the MR image with the
help of the adjusted SSM from step II. All subvolumes were then segmented by
3D CNNs. Resulting segmentation masks were fused into one 3D mask with the
original MRI’s dimensions for MM and LM.

The results of this “3-step” approach were compared to a “2-step” approach
employing CNNs only — skipping the intermediate SSM adjustment of step II.
Results of both approaches were compared to those of a publicly available im-
plementation of SegNet [2I]. This “off-the-shelf” SegNet was trained on sagittal
2D MRI slices using the IGS data in a 2-fold cross-validation setting. 2D MRI

slices were then segmented and concatenated to a 3D mask.

2https://oai.epi-ucsf.org/datarelease/FNIH.asp
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Figure 1: Illustration of the automated segmentation workflow for menisci employing CNNs
and SSMs. I) Training (top): Using the gold standard (GS) data provided by iMorphics, 2D
U-Nets are trained on sagittal slices for the medial meniscus (MM) and the lateral meniscus
(LM). Testing (bottom): For a newly given MRI all sagittal slices are segmented using the
2D U-Nets and the resulting 2D masks are concatenated to a 3D mask. II) Only for testing:
The combined SSM is adjusted to the 3D mask removing segmentation islands and yielding
plausible MM and LM masks. III) Training: Using the GS data, 3D U-Nets are trained on 3D
image subvolumes for MM, and LM, respectively. Testing: Using the masks from step II, 3D
image subvolumes are extracted. All subvolumes are segmented by the 3D U-Net. Resulting
subvolume masks are fused to one 3D mask for MM and LM, respectively.

2.1. Subjects

In this study sagittal DESS MRI data of the OAI were used. Five different
datasets have been analysed. Dataset A was chosen as the IGS data cohort,
consisting of 88 subjects for two timepoints, baseline and 12-month follow-up.
Hence, Dataset A allows for a direct comparison of our segmentation results
to the results of Paproki et al. and Dam et al. Dataset B was chosen as the
600 patients belonging to the baseline timepoint of the OAT FNTH MOAKS SQ
reading studyf’] Dataset C was drawn from the OAI as 184 subjects with Kell-
gren Lawrence Grade (KLG) 0 or 1 at baseline. These knees developed KLG>2
with joint space narrowing within 24 months. Dataset D was randomly drawn
from the OAI as a control group of 184 subjects, which did not develop radio-
graphic OA. The motivation for choosing Dataset E was to assess the influence
of the patients’ BMIs on our measures and to be comparable to Emmanuel et al.
(controls with a mean BMI of 27.6+0.3 kg/m?) [12]. Thus, Dataset E was drawn

from the OAI database for patients who were not developing radiographic OA

3https://oai.epi-ucsf.org/datarelease/FNIH.asp
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and whose BMIs were densely distributed around the cohort’s mean. Demo-

graphic data of these datasets is given in Table L.

[ Table I (Demographic data) here |

2.2. Statistical Shape Models of menisci

SSMs were used to improve the segmentations of the 3D CNNs. We devel-
oped three different SSMs: One for the lateral meniscus (SSM),;), one for the
medial meniscus (SSMped), and a combined one including the two (SSMcomp)-
Triangulated meshes were generated directly from the IGS data. To establish
point correspondences between these meshes we used the method developed by
Lamecker [23]. All three SSMs were established using Principal Component
Analysis. Two datasets were rejected from integration into the medial and the
combined SSM, because of missing medial anterior and medial posterior horns

(patient-IDs: 9311328 and 9750920).

2.3. Automated segmentation of menisci from MRI data

Menisci were segmented using a combination of CNNs and SSMs. Therefore,
two different U-Nets were employed: A 2D U-Net and a 3D U-Net, both heavily
inspired by the original U-Net architecture [24]. Both networks were trained in
a 2-fold cross-validation setting on the IGS data. The data was split numeri-

cally sorted by the patient IDs into the first and second half. We evaluated two
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different segmentation pipelines to investigate the influence of the SSM adjust-
ment step: In the “2-step” approach, the 3D image subvolumes were computed
according to the 2D U-Net segmentation masks from step I. In the “3-step”
approach, the subvolumes were computed according to the SSM segmentation

masks from step II.

2.8.1. Step I: 2D U-Net

For an unseen MR image, the first step is the segmentation of all sagittal
slices employing a 2D U-Net. The 2D U-Net was trained on sagittal 2D MRI
slices containing the MM or LM. The respective architecture is shown in Fig.
2. The network was implemented in Keras [25] with the backend Theano [26]

using the stochastic Adam optimizer [27] (learning rate = 0.0001, 5; = 0.9, 2 =

0.999, € = 107%) to maximize the Dice Similarity Coefficient, DSC(X,))
2XOV]  hetween the network’s 2D mask (V) and the IGS data (X) [28].
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Figure 2: Architecture of the 2D convolutional U-Net (left) and the 3D U-Net (right). The
inputs of the networks are sagittal MRI slices (dimension: 384x384) in the 2D case, and image
subvolumes (dimension: 48x72x16) in the 3D case. Both U-Nets have four convolutional
layers with an increasing number of convolutional filters (32, 64, 128, 256) employing rectified
linear units (ReLU) and dropout layers (probability: 10%).

2.3.2. Step II: SSM adjustment
An 5SS M_omb not containing the respective geometry (2-fold cross-validation)
was adjusted to the 3D segmentation mask from step I. Both, the transformation

and the SSM’s shape modes were adjusted iteratively. A simple appearance
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model based on binary masks (background = 0, menisci = 1) was applied to

drive the deformation of the SSM with respect to the mask’s gradient.

2.8.3. Step III: 8D U-Net

A prerequisite for the third step is an inital segmentation mask, either
acquired by employing the 2D U-Net (2-step approach), or by adjusting an
SSM to the 2D U-Net’s results (3-step approach). For each slice of the ini-
tial segmentation mask, 3D subvolumes were generated at the center of mass
of each connected component. These 3D subvolumes (dimension: 48x72x16,
where x-dimension is superior-inferior, y-dimension is anterior-posterior, and
z-dimension is lateral-medial) were then segmented by a 3D U-Net (see Fig.
2). The resulting (partially overlapping) segmentation masks of all 3D image
subvolumes were combined into one 3D mask using a majority voting scheme.
This means, that in this resulting mask only those voxels were considered as
meniscal tissue, which had a majority of subregions classifying them as such.
3D U-Nets were trained on 3D subvolumes containing MM and LM, respectively.
These subvolumes were computed for training with the help of the IGS masks.

The same parameters as in the 2D case were used for optimization.

2.4. Automated segmentation of tibial cartilage from MRI data

In order to calculate the coverage of the tibial cartilage by the menisci, as
well as to calculate the meniscal extrusion relative to the tibial plateau, tibial
cartilage was also segmented using a 3D U-Net only. The procedure is similar to
the approach described for the menisci in 2.3. 3D image subvolumes (64 x32x32)
were extracted based on the automated tibial bone segmentation (see [29]). The

3D U-Nets were trained in a 2-fold cross-validation setting on the IGS data for
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medial and lateral tibial cartilage. The 3D U-Net architecture was kept very
similar to the architecture used for segmentation of menisci (cf. Fig. 2) being
only adjusted such that the y and z dimensions are not downsampled for the

last two layers and by using 5x3x3 convolutional filters instead of 5x5x3.

Anterior

Superior g

Medial

Figure 3: Tibial coverage is estimated as the ratio of tibial cartilage covered and uncovered by
the meniscus (left). Meniscal extrusion is estimated as the maximum distance in epicondyle
direction between the outermost tibial cartilage point CP and the outermost meniscal point
MP (right).

2.5. Quantitative meniscal measurements

Meniscal volume, tibial coverage, and meniscal extrusion were calculated

based on the masks of the proposed segmentation methods for menisci and car-
tilage.
Meniscal volume is directly given by integration of the respectively labeled voxels
of the segmentation. Tibial coverage is estimated as the ratio of tibial cartilage
covered and uncovered by the meniscus, for the lateral and medial side, respec-
tively (Fig. 3, left). Here, alignment of the bone with the scan-direction was
assumed.

Degeneration of menisci is characterized by an altered meniscal morphology as

10
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well as a change in meniscal position in medio-lateral and/or anterio-posterior
direction. The reference for calculating the meniscal extrusion is usually the
native edge of the tibial plateau excluding any possible osteophytes. As shown
for the medial tibia (Fig. 3, right), we defined these medial and lateral edges
according to our cartilage masks. Our measurements for meniscal extrusion in-
clude both, medial extrusion for medial menisci and lateral extrusion for lateral

menisci along the direction of the epicondylar axis (Fig. 3, right).

2.6. Validation

Segmentation accuracy was evaluated with the DSC, the Hausdorff distance
(dg), and the mean average surface distance (dprasp). Let X be the set of
voxels representing the volume of the gold standard mask, and ) the set of

voxels of our 3D segmentation mask, we use
N, =argmin ||z —y|2 and N, =argmin |z —y| (1)
yeY reEX

to denote the nearest neighbour of x in ) and of y in X, respectively. The
Hausdorff distance dg is the greatest of all the distances between the voxels in

X and the respective closest voxel in ) and vice versa. It is defined as
X = - - . 2
(. ) = e { g [ ~ A o ey =y 2} @)

The mean average surface distance dy;asp computes the average of the dis-
tances from the voxels of the gold standard mask to the nearest voxel in our
segmentation as well as the distance from the voxels of our mask to the nearest

voxel of the gold standard. It is defined as

1
d XY) = —— N, |ls + N | - 3

11
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Thus, dyrasp is considering the two-sided Euclidean distance between the vox-
els of the gold standard and our mask, as implemented in AmiraZIBEdition [30].
We evaluated the differences between groups of OARSI OA grades (rOA), JSN
grades, and WOMAC pain scores for the estimated meniscal measures using
unpaired t-tests for Dataset B in MATLAB R2014b (The MathWorks Inc., Nat-
ick, Massachusetts, United States). Also, non-parametric Spearman correlation
analysis was performed to assess the association between meniscal measures
and the respective groups. We further assessed the meniscal extrusion esti-
mated from our segmentation masks compared to MOAKS SQ reading using
non-parametric Spearman’s correlation coefficients (p) in IBM SPSS Statistics
24 (IBM SPSS Statistics, Armonk, NY, USA). To test the hypothesis that our
automated measures predict incident radiographic OA, meniscal extrusion was
calculated for all subjects of Dataset C, Dataset D, and Dataset E. Conditional
logistic regression adjusted for age, sex, and BMI was performed to compare
cases of incident OA (Dataset C) with the controls of Dataset D as well as of

Dataset E.

To generate a qualitative visualization of the dy;asp error comparable to Pa-
proki et al., SSM,; and SSMyeq were adjusted to our 3D segmentation masks
(Appendix A.2). The dypasp was calculated between the adjusted SSMs and
the IGS data. Employing the correspondence of the SSMs’ vertices, the dy;asp

was averaged for each SSM vertex over each subject of Dataset A.

For segmentation of the tibial cartilage, the DSC values were calculated with

the help of the IGS data, averaged over all 88 subjects of Dataset A.

12
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[ Table IT (Segmentation accuracy) here |

20 3. Results

In this section we present results on segmentation accuracy, computational
performance of our fully automated approach, as well as suitability of derived

measures as biomarkers for OA.

3.1. Segmentation accuracy

235 For the SegNet, the segmentation accuracy in terms of the DSC was 80.87+3.92%
for both menisci, MM and LM, at baseline and 79.92+4.75% at follow-up (Ta-
ble II). Employing the presented 3-step method the mean DSC increased to
83.84+6.10% (MM) and 88.86+2.39% (LM) at baseline, and 83.14+6.28% (MM)
and 88.25+3.08% (LM) at 12-month follow-up. There was no subject with a DSC

20 value < 55% (Fig. 4). The dprasp was 0.43+0.58 mm (MM) and 0.23+0.08 mm
(LM) at baseline and 0.46+0.65 mm (MM) and 0.25+0.09 mm (LM) at 12-month
follow-up. The averaged dasasp is displayed in a color coded manner on top of
the mean SSM shape in A.2.

Segmentation of the tibial cartilage lead to a mean DSC of 85.13+10.5% for me-

25 dial tibial cartilage (MTC) and 90.23+4.64% for lateral tibial cartilage (LTC) at
baseline, and 85.86+5.03% (MTC) and 90.2+2.64% (LTC) at 12-month follow-

up.

13
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Figure 4: Dataset A: Scatter plot of the resulting DSC values as yielded by the proposed
3-step method for medial menisci (MM), lateral menisci (LM), medial tibial cartilage (MTC),
and lateral tibial cartilage (LTC) for the baseline timepoint (left) and the 12-month follow-up
visit (right). For one outlier the MTC was not segmented at all (baseline) due to an inaccurate
tibial bone segmentation.

3.2. Computational performance

The entire segmentation ran on a PC (GPU: GeForce GTX 1080 Ti; CPU:
two Intel Xeon E5-2650 v2) in a fully automated fashion. Bone segmentation
[29] took about 3 minutes for one knee. Our method for menisci segmentation
took about 1.5 minutes per pair of MM and LM on a personal computer. It is
thus very time efficient compared to Paproki et al. (27.2 min). Tibial cartilage

segmentation took about one minute per knee.

[ Table IIT (Prediction of incident OA) here ]
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8.8. Meniscal measures as biomarkers for OA, JSN, and WOMAC pain score

Results for quantitative meniscal measures are given in Appendix A.1. We
found no significant differences with respect to meniscal volume between groups
of rOA, JSN, and WOMAC grades for both, MM and LM. In a multitude of
comparisons medial tibial coverage was significantly lower between groups of
higher rOA, JSN, and WOMAC pain scores and groups of lower rOA, JSN, and
WOMAC pain scores. In addition, a significantly lower lateral tibial coverage
was found comparing lateral JSN 1 with lateral JSN 0 (p = 0.016). Greater
medial meniscal extrusion was associated with advanced rOA and JSN grades
and significant differences were found between groups of rOA and JSN.

We found a moderate Spearman’s correlation between our meniscal extrusion
measurements and the MOAKS experts’ SQ reading for MM (p = 0.439), but
only a weak correlation for LM (p = 0.11).

Comparing cases of incident OA with control knees of Dataset D, non-significant
tendencies of higher meniscal volume and greater medial meniscal extrusion
were observed (Table IIT). For Dataset E significantly greater medial meniscal
extrusion (p = 0.001), less tibial coverage (p = 0.039), as well as less lateral
meniscal volume (p = 0.016) were found compared to incident OA cases. As
computed by conditional logistic regression, the adjusted odds ratio (OR) was
1.51 (95% CI: 1.18,1.94) for medial meniscal extrusion. Mean lateral meniscal
extrusion values were negative (relative to the tibial plateau) for both, incident
and control cases. Incident OA cases had significantly less lateral meniscal

extrusion (p = 0.002).

15
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Figure 5: Comparison of IGS segmentations (upper row) to our automated results (lower row)
for three subjects. Outlines of meniscal (green) and tibial cartilage segmentations (yellow)
are shown on the left side for MRIs zoomed to the medial compartement. On the right side a
corresponding rendering of the medial tibial cartilage (yellow) as well as the medial meniscus
(green, transparent) are visible (view from axial). Our methods yielded a qualitatively good
agreement with the IGS data in A) for a relatively healthy cartilage and in B) for a cartilage
containing a full thickness denudation. In C) our method misclassified voxels in the area of a
denudation as cartilage.

4. Discussion

Our method for automated segmentation of knee menisci and tibial cartilage
allowed us to compute a set of meniscal biomarkers, i.e. meniscal volume, tibial
coverage, and meniscal extrusion. Assuming a reliable gold standard segmen-
tation, the accuracy of these measures depends on the ability of the CNNs to
learn the appearance of menisci and cartilage, and to apply this knowledge to
unseen data. Accurate meniscal measures facilitate the analysis of the associa-
tion between meniscal pathology and the development or progression of OA.
In terms of segmenation accuracy, the 2D U-Net performed slightly better than
the SegNet, motivating our choice of the U-Net for the presented approach (Ta-
ble II). Compared to the application of only a 2D U-Net, our 2-step approach
improved the results. As applied in our 3-step approach, the SSM plausibly
corrects the results of the 2D U-Net step, and thus clearly reduced the maxi-
mum errors. This allowed for a more precise definition of 3D image subregions
for the final 3D U-Net step and clearly improved the accuracy compared to the

2-step approach. The achieved DSC values are higher compared to the results

16
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reported in the literature, especially for MM. A qualitative comparison of our
dyrasp errors (A.2) with that of Paproki et al. indicates that our accuracy is
higher for the medial and lateral body. However, Paproki et al. achieved a qual-
itatively higher accuracy at the meniscal horns. Our first cartilage segmentation
results are promising and seem to be sligthly better than the results reported
by Dam et al. [I9]. We plan to extend the cartilage segmentation method by
femoral and patellar cartilage and to perform further investigations with respect
to cartilage measures and OA.

Among the outliers for MM (Fig. 4) we found the patients 9311328 (DSC=58.8%)
and 9750920 (DSC=66.8%), which we omitted for SSM generation. For these
two cases delineating the meniscus is especially challenging and the DSC value
will decrease fast due to its small volume.

We found significant differences between groups of OA grades and medial JSN
for medial tibial coverage and medial meniscal extrusion, indicating a high corre-
lation. For the lateral meniscus our only observation was a lower tibial coverage
for cases of JSN 1 compared to no JSN. In contrast to Paproki et al. we did not
find significant differences with respect to meniscal volume for MM and LM.
While Paproki et al. found no differences for groups of WOMAC pain scores,
we did find such differences, suggesting that meniscal degeneration might be
related to pain, after all.

Spearman’s correlation was calculated between automated meniscal extrusion
measures and MOAKS SQ readings for 600 subjects. Only a weak correlation
was found for LM, and a moderate correlation for MM (p=0.439). The correla-
tion of our medial meniscal extrusion values is comparable to the one reported
by Bloecker et al. for knees with JSN [I5]. They investigated the correlation
between meniscal measures and MOAKS SQ analysis (p ranging from 0.39 to

0.56 for JSN knees and from 0.33 to 0.72 for no-JSN knees) based on manual
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segmentations of medial menisci and medial tibial cartilage.

In terms of the prediction of incident OA using meniscal measurements, our
results confirm the findings of previous studies, supporting the hypothesis that
medial meniscal extrusion is an indicator for incident OA. As recently shown by
van der Voet et al. [31] medial meniscal extrusion according to MOAKS scoring
was significantly associated with a higher incidence of knee OA in a cohort of
middle-aged overweight and obese women (BMI>27 kg/m?). Emmanuel et al.
chose a cohort with very little standard deviation of the BMI (27.6+0.3 kg/m?)
and they showed that quantitative measures of medial meniscal extrusion pre-
dicts incident OA. These measures were, however, computed based on manual
segmentations. We wanted to investigate the differences in our measurements
between controls in Dataset D (randomly drawn, BMI 29.6+4.4 kg/m?) and
controls in Dataset E (selectively drawn, BMI 27.5+0.7 kg/m?). Despite ad-
justment of the conditional logistic regression for the BMI, we found significant
outcomes only for Dataset E. To our knowlege, this is the first time the po-
tential of meniscal measurements derived from a fully automated segmentation
was shown for the prediction of incident OA and our method will allow for a
further assessment of the relationship of the patient’s BMI, meniscal extrusion,
and incident OA.

The major limitation of our study is that all segmentation methods were op-
timized for sagittal DESS MRI data. Applying the proposed CNN framework
to different MRI sequences requires reliable training data for supervised learn-
ing. It would be especially interesting to investigate if coronal weDESS MRIs
increase the accuracy for automated meniscal extrusion measurements. Fur-
ther, the segmentation of intermediate-weighted Turbo Spin Echo (IW TSE)
MRIs would enable research of automated meniscal tear detection. A further

limitation is cartilage denudations, decreasing the accuracy of the tibial cover-
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age as well as the meniscal extrusion measures. As illustrated in Fig. 5, our
CNN-based method for segmentation of tibial cartilage is in principle capable
to skip full thickness cartilage denudations during classification. However, as
our method is fully automated, errors do occur and for some cases there was
a mismatch between our results and the Imorphics gold standard segmentation
(c.f. Fig. 5c). Moreover, we considered only full thickness cartilage denudations
for the computation of tibial coverage and meniscal extrusion. In future work,
the influence of adding knowledge of partial denudations into the computation
(i.e. cartilage thickness < 0.5mm) will be evaluated. Also, with our current
definition of meniscal extrusion, areas of cartilage denudations may lead to an
overestimation of meniscal extrusion, which is especially important for longi-
tudinal analysis of moderate or severe OA cases. For this reason, a method
which detects the tibial plateau independent of the presence or absence of tibial
cartilage should be pursued.

CNNs as a technique of deep learning are a powerful tool for detecting anatom-
ical structures in medical image data. The existence of sufficient training data
(gold standard segmentations) would enable the automated segmentation of the
whole knee, i.e. cartilage, bones, menisci, and ligaments. With the development
of increasingly powerful and complex deep learning algorithms the results will
certainly approach the quality of an expert’s segmentation — with the additional
possibility to enforce three-dimensional smoothness of the structures. These seg-
mentations could be a basis for research with respect to automated OA scoring.
While OA features could be quantified similarly to MOAKS scoring, additional
computed features, which are hard to perceive in 2D (e.g. surface curvatures,
intensity distributions) could also be employed. While manual semi-quantitative
MRI reading is still the method of choice, these measurements could be com-

puted automatically for large cohorts and might have the potential of a higher
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sensitivity with respect to OA progression or the prediction of incident OA.

Computational Reproducibility

The 2D and 3D convolutional U-Net code is available via
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Appendix A

A.1 Quantitative measures for the 3-step approach

A. 1: 3-step approach of 2D U-Net, SSM, 3D U-Net. Meniscal volume V [mm?], tibial coverage TC [%], and
meniscal extrusion ME [mm] estimated from our medial menisci (MM) and lateral menisci (LM) masks for Dataset
B. Differences between groups of radiographic OA rOA (no: 0,1; moderate: 2; advanced: 3,4), joint space narrowing
JSN (0, 1, 2) and WOMAC pain scores (0, [1-10], [11-20]) were evaluated using two-sample t-tests (significance level:
0.05). Non-parametric Spearman correlation analysis was used to assess the association between meniscal measures
and the respective groups.

Radiographic OA

unpaired t-tests

Spearman’s rho

OA no moderate advanced no vs. moderate no vs. adv. moderate vs. adv. p

MM

\% 2704.65+767.93 2665.14+763.45 2715.66+735.87 0.638 0.881 0.496 0.03 0.539
TC 49.6+7.5 51.2+6.4 44.4+8.4 0.039 <0.0001 <0.0001 -0.32 <0.0001
ME 1.2+0.9 1.1+£0.8 1.6£1.0 0.195 <0.0001 <0.0001 0.21 <0.0001
LM

\% 2634.42+632.31 2611.67+593.08 2709.56+636.96 0.735 0.229 0.113 0.06 0.126
TC 59.0+4.9 59.6+6.1 59.0+£5.5 0.349 0.956 0.298 -0.02 0.631
ME 0.0+0.2 0.0+0.2 0.0+0.2 0.347 0.780 0.468 -0.03 0.525
Joint Space Narrowing

Grade 0 1 2 0vs. 1 0 vs. 2 1vs. 2 P

MM

\% 2695.30+769.89 2703.38+741.24 2685.08+696.85 0.898 0.946 0.900 0.03 0.519
TC 51.5+6.0 44.9+8.5 39.3+7.1 <0.0001 <0.0001 0.001 -0.46 <0.0001
ME 1.0+£0.9 1.5+£1.0 2.1+0.9 <0.0001 <0.0001 0.004 0.32 <0.0001
LM

v 2655.83+623.55 2716.98+635.83 - 0.482 - - 0.04 0.391
TC 59.3+5.5 57.5+5.3 - 0.016 - - -0.08 0.040
ME 0.0+0.2 0.0£0.1 — 0.794 — — -0.03 0.505
WOMAC pain score

Score 0 1-10 11-20 0 vs. 1-10 0 vs. 11-20 1-10 vs. 11-20 P

MM

\"% 2770.62+740.70 2660.48+760.69 2518.41+665.89 0.084 0.152 0.426 -0.08 0.055
TC 48.8+7.0 47.1£9.0 45.1+£5.6 0.019 0.028 0.342 -0.09 0.027
ME 1.3+1.0 1.3+1.0 1.7+0.9 0.404 0.059 0.099 0.07 0.103
LM

\% 2675.99+604.23 2652.37+640.22 2655.25+603.84 0.656 0.886 0.985 -0.02 0.612
TC 59.1+5.3 59.2+5.7 59.1+4.3 0.912 0.980 0.988 0.01 0.817
ME 0.0+0.2 0.0+0.2 0.0+0.0 0.527 0.455 0.482 -0.02 0.711




A.2: Visualisation of the averaged dy;asp
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Figure 1: Mean average surface distance dy;asp between meshes generated from our automated menisci masks for
the 3-step method (2D CNN, SSM, and 3D CNN) and meshes generated from the IGS data averaged over all 83
subjects. Our meshes were generated by adjustment of SSMj,; and SSMy,eq to our automated segmentation masks
in order to achieve point correspondence. For comparability, we chose the same menisci depiction and colormap as
Paproki et al. [16].



