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Abstract

Transparent research in musculoskeletal imaging is fundamental to reliably investigate diseases such
as knee osteoarthritis (OA), a chronic disease impairing femoral knee cartilage. To study cartilage de-
generation, researchers have developed algorithms to segment femoral knee cartilage from magnetic
resonance (MR) images and to measure cartilage morphology and relaxometry. The majority of these
algorithms are not publicly available or require advanced programming skills to be compiled and run.
However, to accelerate discoveries and findings, it is crucial to have open and reproducible workflows. We
present pyKNEEr, a framework for open and reproducible research on femoral knee cartilage from MR im-
ages. pyKNEEr is written in python, uses Jupyter notebook as a user interface, and is available on GitHub
with a GNU GPLv3 license. It is composed of three modules: 1) image preprocessing to standardize
spatial and intensity characteristics, 2) femoral knee cartilage segmentation for intersubject, multimodal,
and longitudinal acquisitions, and 3) analysis of cartilage morphology and relaxometry. Each module
contains one or more Jupyter notebooks with narrative, code, visualizations, and dependencies to re-
produce computational environments. pyKNEEr facilitates transparent image-based research of femoral
knee cartilage because of its ease of installation and use, and its versatility for publication and sharing
among researchers. Finally, due to its modular structure, pyKNEEr favors code extension and algorithm
comparison. We tested our reproducible workflows with experiments that also constitute an example of
transparent research with pyKNEEr. We provide links to executed notebooks and executable environments
for immediate reproducibility of our findings.

Keywords: reproducible research, open science, knee cartilage, segmentation, medical image analysis,
interactive paper
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1 Introduction

Open science and computational reproducibility are recent movements in the scientific community that
aim to promote and encourage transparent research. They are supported by national and international
funding agencies, such as the United States National Institutes of Health (NIH) [9] and the European
Commission [10]. Open science refers to the free availability of data, software, and methods developed by
researchers with the aim to share knowledge and tools [75]. Computational reproducibility is the ability
of researchers to duplicate the results of a previous study, using the same data, software, and methods
used by the original authors [5]. Openness and reproducibility are essential to researchers to assess the
accuracy of scientific claims [55], build on the work of other scientists with confidence and efficiency (i.e.
without "reinventing the wheel") [54], and collaborate to improve and expand robust scientific workflows
to accelerate scientific discoveries [53, 14, 42]. Historically, research data, tools, and processes were rarely
openly available because of limited storage and computational power [42]. Nowadays, there are several
opportunities to conduct transparent research: data repositories (e.g. Zenodo and FigShare), code repos-
itories (e.g. GitHub, GitLab, and Bitbucket), and platforms for open science (e.g. The European Open
Science Cloud and Open Science Framework). In addition, there exist computational notebooks that com-
bine narrative text, code, and visualization of results (e.g. Jupyter notebook and R markdown), allowing
researchers to create workflows that are computationally transparent and well documented [54]. Finally,
it is possible to recreate executable environments from repositories to run notebooks directly in a browser
and thus make code immediately reproducible (e.g. Binder).

In the evolution of research practice, the structure of scientific papers, intended as vehicles to com-
municate methods and results to peers, is changing. In 1992, Claerbout was among the first to envision
interactive publications: "[...] an author attaches to every figure caption a pushbutton or a name tag usable
to recalculate the figure from all its data, parameters, and programs. This provides a concrete definition
of reproducibility in computationally oriented research" [8]. Following this vision, papers are transform-
ing from static to interactive. They will progressively integrate data and code repositories, metadata files
describing data characteristics (e.g. origin, selection criteria, etc.), and computational notebooks used to
compute results and create graphs and tables [19, 21] for more transparent research.

Transparency in image-based research is crucial to provide meaningful and reliable answers to medical
and biological questions [50]. In the musculoskeletal field, quantitative analysis from magnetic resonance
(MR) imaging has assumed an increasingly important role in investigating osteoarthritis (OA) [22]. OA is
the most common joint disease worldwide, affecting about 2 in 10 women and 1 in 10 men over 60 years
of age [76]. It causes structural changes and loss of articular cartilage, with consequent pain, stiffness,
and limitation of daily activities [45]. OA of the knee is one of the main forms of OA, affecting 1/3 of the
adults with OA [39] and accounting for 83% of the total OA economic burden [25]. To investigate knee
OA, scientists have developed algorithms to preprocess MR images, segment femoral knee cartilage, and
extract quantitative measurements of morphology, such as thickness [15] and volume [56], and relaxation
times, such as Ty, and T; [32].

In the image analysis pipeline, segmentation constitute a major challenge. Researchers still tend to
segment femoral knee cartilage manually or semi-automatically, using commercial or in-house software,
in a tedious and non-reproducible manner [41, 35]. However, there exist several algorithms that researchers
have developed to automatically segment knee cartilage. In the literature and in published reviews [24,
48, 79], we have found 29 relevant publications that propose new algorithms to segment femoral knee
cartilage. These algorithms are based on different principles, namely active contours, atlas-based, graph-
based, machine and deep learning, and hybrid combinations, and were developed by various research
groups worldwide (Fig. 1). Of these, only the implementations by Wang et al. [69] and by Shan et al. [59]
are open-source and hosted in public repositories (see Wang’s repository and Shan’s repository). These
two implementations, however, have some limitations: in the first case, documentations of code and usage
are not extensive, while in the second case the code is written in C++ and requires advanced programming
skills to be compiled and run. Other communities, such as neuroimaging, largely benefit from robust,
open-source, and easy-to-use software to segment and analyze images (e.g. ANTs [3], FreeSurfer [17],
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Nipype [20]). Because of these open-access tools, researchers do not need to re-implement algorithms for
basic processing and can focus on further statistical analyses [65, 29, 13]. To accelerate discoveries and
findings, it is fundamentally important to have not only open-source tools, but also workflows that are
computationally reproducible, and thus enhance scientific rigor and transparency [14].

In this paper, we present pyKNEEr, an automatic workflow to preprocess, segment, and analyze femoral
knee cartilage from MR images specifically designed for open and reproducible research. pyKNEEr is
written in python with Jupyter notebooks as graphical user-interface, is shared on GitHub, and has a
documentation website. In addition, we provide an example of transparent research with pyKNEEr through
our validation study, implemented using images from the Osteoarthitis Initiative (OAI) [49] as well as in-
house images. Finally, to be compliant with recommendations for interactive publications, throughout
the paper we provide links to data files and repositories (€), software repositories (0), specific code and
Jupyter notebooks (</>), executable environments (8), metafiles and web documentation (&), and websites
[37].
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Figure 1: The visualization shows name of first author, year of publication, affiliation of last author, and segmentation
method for 29 relevant publications on femoral knee cartilage segmentation from 1997 to 2018. Publications by segmenta-
tion method and in alphabetical order are: Active contours: Amberg(2010)[2], Carballido-Gamio(2008)[6], Solloway(1997)[62],
Vincent(2011)[67], Williams(2010)[74]; Atlas-based: Pedoia(2015)[47], Shan(2014)[59], Tamez-Pena(2012)[64]; Deep-learning:
Liu(2018)[33], Norman(2018)[43], Prasoon(2013a)[52], Zhou(2018)[81]; Graph-based: Bae(2009)[4], Ozturk(2016)[44], Shim(2009)[60],
WangP(2016)[68], Yin(2010)[78]; Hybrid: Ambellan(2018)[1], Dam(2015)[11], LeeJG(2014)[30], LeeS(2011)[31], Seim(2010)[57],
WangQ(2013)[69], WangZ(2013)[70]; Machine learning: Folkesson(2007)[18], Liu(2015)[34], Pang(2015)[46], Prasoon(2013)[51],
Zhang(2013)[80]. This graph and graphs in Fig. 4 and Fig. 5 were made in Jupyter notebook using ggplot2 [71], an R package
based on the grammar of graphics [72]. € </> 8
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2 Characteristics and structure of pyKNEEr

The main characteristics of pyKNEEr are embedded in its name: py is for python, to indicate openness,
KNEE is for femoral knee cartilage, and r is for reproducibility.

2.1 Openness: python, file formats, code reuse, and GitHub

Characteristics and structure of pyKNEEr are based on recommendations for open scientific software in the
literature, such as usage of open language and file formats, code reuse, and licensed distribution [53, 26,
54]. We wrote pyKNEEr in the open language python, using open-access libraries to perform computations,
such as NumPy for linear algebra, pandas for data analysis, matplotlib for visualizations, SimpleITK
for medical image processing and analysis [36], and itkwidgets for 3D rendering. We used widespread
open-source formats for input and output data, such as text files (.txt) for input image lists, metafile
(.mha) for images, and tabular files (.csv) for tables. To favor our code reuse, we organized pyKNEEr in
three modules: 1) image preprocessing; 2) femoral knee cartilage segmentation; and 3) morphology and
relaxometry analysis (Fig. 3). Modularity will allow us and other researchers to test, enhance, and expand
the code by simply modifying, substituting, or adding Jupyter notebooks. At the same time, we reused
open-source code developed by other scientists, such as preprocessing algorithms developped by Shan et
al. [59] and elastix for atlas-based segmentation [28]. Finally, we released pyKNEEr on GitHub with a
GNU GPLv3 license, which requires openness of derivative work. For citation, we assigned pyKNEEr a
digital object identifier (DOI), obtained through the merge of the GitHub release to Zenodo (Table 1).

Repository stﬁiiﬁ ti/on La;l g:rigi / License DOI Citation
Software
Used
Preprocessing Bitbucket Wiki C++, ITK Apache https://doi.org/ [59]*
10.1016/j .media.
2014.05.008*
elastix 4.8 GitHub Github Wiki C++, ITK Apache https://doi. [28]*
org/10.1109/TMI.
2009.2035616*
Developed
PYKNEEr GitHub Website python, GNU GPLv3 https://doi.org/ Bonaretti S. et al.
Jupyter 10.5281/zenodo. "pyKNEER"
notebook 2574172 (v0.0.1). Zen-
odo. 2019.
10.5281/zen-
0d0.2574172
Data
Original OAI Website .dem Data user https://doi.org/ [49]*
agreement 10.1016/j. joca.
2008.06.016*
Derived (results) Zenodo Jupyter notebook .mha, .txt, .csv CC-BY-NC-SA https://doi.org/ Bonaretti S. et al.
10.5281/zenodo. Dataset used in
2530608 (Bonaretti et al.
2019). Zen-
odo. 2019.
10.5281/zen-
0d0.2530608

Table 1: Openness and reproducibility of pyKNEEr code and experimental data. DOIs and citations of used software and original
data refers to their corresponding publication (*).

2.2 Reproducibility: Jupyter notebooks with computational narratives and depen-
dencies

We designed pyKNEEr as a tool to perform and support computational reproducible research, using prin-
ciples recommended in the literature [55, 54]. For each module of the framework, we used one or more
Jupyter notebooks as a user-interface, because of their versatility in combining code, text, and visualiza-
tion, and because they can be easily shared among researchers, regardless of operating systems.
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PYKNEEF ] 1. Link to GitHub repository
Relaxometry of Femoral Knee Cartilage ] 2 L|nk to documentat|on

Exponential and linear fitting
« Exponential fitting is computationally expensive but more accurate
« Linear fitting is faster as data are transformed to their log and then linearly interpolated. However, linear fitting is less
accurate because the nonlinear logaritmic transform provides larger weight to outliers .
S 3. Introduction
« directly on the acquired images or after rigid registration of the following echo to the first echo
« voxel-wise, i.e. for each voxel the Echo Times (dicom tag: (0018,0081)) are the x-variable and the voxel intensities in each
acquisition are the y-variable
« only in the mask volume to have short computation time o
Image information 7
Inputs:
+ input_file_name contains the list of the images used to calculate the relaxation maps
+ method is 0 if fitting is linear, 1 if fitting is exponential .
+ registration_£flagis 0 for no registration, 1 for rigid registration 4 U t
~ Gutput. £11e.Rame contains verage andstandard deiation f the itig maps . user inputs
In [ )+ | i0put_file name = "inage_list_relaxometry_fitting OAI1 T2.txt"
nethod_flag 190 =
registration_flag = 1 # 0 = no rigid registrat
n_of_cores =
output_file_name = “exp_fit_aligned OAT1 T2.csv"
Read image data q
« image_data is a dictionary (or struct), where each cell corresponds to an image. For each image, information such as.
paths and file names are stored
In [ ]: image_data = io.load_image_data fitting(input_file name, method flag, registration_flag)
I TG
itti cartilage width [mm)
Calculate fitting maps
Align acquisitions
Images are aligned rigidly to remove occational subject motion among acquisitions 5 C omman d S
Note: This step is optional and can be skipped, given that:
« When images are aligned, the fitting is calculated on interpolated values obtained with rigid registration H t h t H
~ When images are o aigned, e fting s calcuated onarignal i, bt mages might n b algned WItN narrative
In [ 15 if registration flag == 1:
rel.align acquisitions(image data, n_of cores)
Compute the fitting
In [ ]: rel.calculate fitting maps(image data, n_of_cores)
Visualize fitting maps 7
2D MAP: For each image, fitting maps at medial and lateral compartments and flattened map
The flattened map is an average of neighnoring voxels projected on the bone surface side of the femoral cartilage
In [ ): rel.show_fitting maps(image_data)
3D MAP: Interactive rendering of fitting maps
(The error message “Error creating widget: could not find model” can appear when the notebook is moved to a different folder)
In [ ]: # ID of the map to visualize (The ID is the one in the 2D visualization above)
image_ID = 1 -1 # -1 because counting starts from 0 6 V- |- t-
. Visualization
file name = image_data[image_ID]["relaxometryFolder"] + image data[image_ID]["mapFileName"] '
image = itk.imread(file_name) Of Out uts —_— IASEE RN Tt
viewer = view(image, gradient_opacity=0.0, ui_collapsed-False, shadow-False)
viever
GRAPH: Dots represent the average value of fitting maps per image; bars represents the standard deviation
In [ ): rel.show_fitting graph(image_data)
“TABLE: Average and standard deviation of fitting maps per image
The table is saved as a .csv file for subsequent analyisis
In [ ]: rel.show _fitting table(image data, output_file name)
References 1
(1) Borthakur A., Wheaton A.J., Gougoutas A.J., Akella S.V., Regatte R.R., Charagundla S.R., Reddy R. In vivo measurement of T1rho
ot o s e 8 it Wk o g, AGTG1400-0. 2004 7. References
i TM.,, Castillo D.D., Blumenkrantz G., Lozano J., Carballido-Gamio J., Ries M., Majumdar S. In vivo T1p
and T2 mapping.of arti rtilage in osteoarthritis of the knee using 3 T MAL Osteoarthritis Cartilage. Jul;15(7):789-97. 2007. J
Dependencies .
o 13t e 8. Dependencies
~v -m -p SimpleITK,matplotlib,numpy,pand

(a) (b)

Figure 2: User-interface of modules in pyKNEEr: (a) Structure of Jupyter notebooks and (b) qualitative and quantitative visualization
of outputs (from top: cartilage segmentation on image slice, flattened map of cartilage thickness, relaxation map on image slice, 3D
relaxation map, and plot and table with average and standard deviation of thickness values).

Across pyKNEEr modules, we used the same notebook structure for consistent computational narratives
(Fig. 2). Each notebook contains:

1. Link to the GitHub repository: The repository contains code and additional material, such as source
files of documentation and publication;

2. Link to documentation: Each notebook is associated with a webpage containing instructions on
how to create input text files, run notebooks, and evaluate outputs. Explanations include step-by-
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step instructions for a demo dataset, provided to the user to become familiar with the software.
Single webpages are part of a documentation website, comprehensive of installation instructions
and frequently asked questions. We created the website using sphinx, the python documentation
generator;

3. Introduction: Brief explanation of the algorithms in the notebook;

4. User inputs: The input of each notebook is a text file (.txt) with folder paths and file names of
images to process or analyze. Additional inputs are variables to customize the process, such as
number of cores and algorithm options;

5. Commands with narrative: Titles and subtitles define narrative units of computations, and additional
texts provide information about command usage and outcome interpretation. Commands in the
notebook call functions in python files associated with that notebook (e.g. in the preprocessing mod-
ule, the notebook preprocessing.ipynb calls the python file preprocessing_for_nb.py). In turn,
associated python files call functions in core files (e.g. the python file preprocessing_for_nb.py
calls sitk_functions.py, containing image handling functions);

6. Visualization of outputs: Qualitative visualizations include sagittal slices with superimposed car-
tilage mask or relaxometry map, 2D thickness maps, and 3D relaxometry maps, to allow users a
preliminary evaluation of outputs. Quantitative visualizations include scatter plots and tables with
numerical values and descriptive statistics (Fig. 2b), which are also saved in .csv files to allow
researcher subsequent analysis;

7. References: List of main references used in notebook algorithms;

8. Dependencies: Code dependencies (i.e. version of python, python packages, and computer operating
systems and hardware) to allow researchers to recreate the current computational environment and
thus reproduce findings. To print dependencies, we used the python package watermark.

2.3 Algorithms in pyKNEEr

pyKNEEr contains specific algorithms to preprocess, segment, and analyze femoral knee cartilage from MR
images. Wherever possible, we implemented multiprocessing using multiple computer cores to optimize
computation effort.

Image preprocessing

Spatial and intensity preprocessing provide standardized high quality images to the segmentation algo-
rithm [16]. In spatial preprocessing, we transform images to right-anterior-inferior (RAI) orientation, we
flip right knees (when present) to the left laterality, and we set image origin to the origin of the carte-
sian system (0,0,0). In intensity preprocessing, we correct image intensities for the inhomogeneities of the
static magnetic field (Bp) [61], we rescale intensities to a common range [0 - 100], and we enhance cartilage
edges with edge-preserving smoothing using curvature flow [58] (Fig. 3-I). Implementation of intensity
preprocessing is a translation of the open access code by Shan et al. [59] (Q) from C++ to python.

Femoral knee cartilage segmentation

Three steps comprise femoral cartilage segmentation: 1) finding a reference image; 2) segmenting femoral
cartilage; and 3) evaluating segmentation quality (Fig. 3-II). Finding reference image and evaluating
segmentation quality are possible only when ground truth segmentations are available.

Finding a reference image. We propose a convergence study to find the reference image, i.e. a segmented
image used as a template, or atlas, for the segmentation. First, we randomly select an image as a reference
image. Then, we register all images of the dataset to the reference using rigid, similarity, and spline
transformations, as explained in the following paragraph. Next, we average the vector fields that result
from the registrations. Finally, we choose the image whose vector field is the closest to the average vector
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field as the new reference for the following iteration. We repeat until two consecutive iterations converge
to the same reference image or after a fixed number of iterations. It is possible to execute the search for
the reference several times using different images as the initial reference to confirm the selection of the
reference image. This algorithm requires femur masks because the comparison among vector fields and
their average is calculated in the femur volume, as cartilage volume is limited.

Atlas-based segmentation. Initially, we register a moving image (i.e. any image of the dataset) to a ref-
erence image, by transforming first the femur and then the cartilage. Then, we invert the transformation
describing the registration. Finally, we apply the inverted transformation to the cartilage mask of the refer-
ence image to obtain the cartilage mask of the moving image. The images to segment can be new subjects
(intersubject), images of the same subject acquired at different time points (longitudinal), or images of the
same subject acquired with different protocols (multimodal). To segment intersubject images, we use rigid,
similarity, and spline registration, to segment longitudinal images only rigid and spline registration, and
to segment multimodal images only rigid registration. We perform image registration and mask warping
with elastix and transformix, respectively [28, 47], using a multiresolution approach with smoothing
image pyramid, random coordinate sampler, adaptive stochastic gradient descent optimizer, and B-spline
interpolators [47]. Detailed parameters are in the code repository (€)).

Evaluating segmentation quality. We quantitatively evaluate quality of segmentation using the Dice Simi-
larity Coefficient (DSC), a measure of the overlap between a newly segmented mask and the corresponding
ground truth segmentation [12]. The Dice Similarity Coefficient is calculated as:

2[NMNGT]|

DSC = ———————
INM| + |GT]|

where NM is the newly segmented mask, and GT is the ground truth.

Morphology and relaxometry analysis

In pyKNEEr, cartilage analysis includes morphology and relaxometry (Fig. 3-1II).

Cartilage morphology. Morphology quantifications are cartilage thickness and cartilage volume. To
calculate cartilage thickness, first we extract contours from each slice of the cartilage mask as a point
cloud. Then, we separate the subchondral side of the cartilage from the articular side, we interpolate
each cartilage side to a cylinder that we unroll to flatten cartilage [41], and we calculate thickness between
the two cartilage sides using a nearest neighbor algorithm in the 3D space [6, 38]. Finally, we associate
thicknesses to the subchondral point cloud to visualize them as a 2D map. We compute cartilage volume
as the number of voxels of the mask multiplied by the voxel volume.

Cartilage relaxometry. We implemented two algorithms to calculate relaxometry maps: Exponential or
linear fitting and Extended Phase Graph (EPG) modeling. We use exponential or linear fitting to compute
T1, maps from Ty,-weighted images and T, maps from T,-weighted images. We calculate exponential
fitting by solving a mono-exponential equation voxel-wise using a Levenberg-Marquardt fitting algorithm
[32]:

S(Ta) = K-exp(—T,/Tp)

where: for Tj,-weighted images, T, is time of spin-lock (TSL) and Tj, is Ty,; for Tr-weighted images, T,
is echo time (TE) and T}, is Tp; and K is a constant. We compute linear fitting by transforming the images
to their logarithm and then linearly interpolating voxel-by-voxel. Linear fitting is not recommended when
signal-to-noise ratio is high because the logarithm transformation alters the normality of noise distribution,
but it is fast and computationally inexpensive [7]. Before calculating exponential or linear fitting, the user
has the option to register the images with lowest TE or TSL to the image with the highest TE or TSL to
correct for image motion during acquisition [66]. We use EPG to calculate T, maps from DESS acquisition.
The implementation in pyKNEEr is the one proposed by Sveinsson et al. [63], which is based on a linear
approximation of the relationship between the two DESS signals.
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MAIN ALGORITHMS IN pyKNEEr

I. Preprocessing
preprocessing.ipybn </> &

Spatial standardization Intensity standardization

Spatial standardization: (a) im-
age set to RAI orientation (right-
Rescale to tdge presenving anterior-inferior with respect to the
10,200] smoothing subject’s coordinate system), (b)

right knee (when present) flipped to
‘Hv‘h” :

RAI orientation Flip to left Origin (0,0,0) BO correction

tensity standardization: (d) correc-
tion of By inhomogeneity, (e) inten-
sity rescaling to [0,100], and (f) edge
M preserving smoothing.

T 10

left, (c) image origin set to (0,0,0). In-
i

(c) (d) (e) ()

II. Segmentation
segmentation.ipybn </> & Moving Image
(find_reference.ipybn </>)

(segmentation_quality.ipybn </>)

Reference Image Atlas-based segmentation. We reg-
ister a moving image (a) to a refer-
ence image (b). We invert the com-
puted transformation and we apply
it to the mask of the reference image
(c) to obtain the mask of the moving
image (d).

Intensity
Registration

Inversion of
Registration
Moving Mask Reference Mask Transformation

Mask
Warping
(d) ()

III. Analysis
morphology. ipybn </> & Calculating cartilage thickness. (a)
To separate cartilage sides, we inter-
polate a circle (green) in the cartilage
and we connect its center to cartilage
points through rays. When a ray
(blue) intersects a segment (red) con-
necting two consecutive points, the
point belongs to articular cartilage
(1), otherwise to subchondral carti-
lage (2). (b) Interpolation to a cylin-
der to flatten the cartilage. (c) Visual-
ization of subchondral (yellow) and
articular (blue) surfaces. (d) 2D map
of cartilage thickness.

relaxometry_fitting.ipybn </> &
(relaxometry_EPG.ipybn </>)

Calculating relaxometry maps us-
ing exponential fitting. (a) Voxel-
wise interpolation of images at sub-
sequent TE or TSL. (b) Relaxation
map superimposed on one slice of
the image. (c) Relaxation map in 3D.

time

(a) (b) (c)

Figure 3: Main algorithms in pyKNEEr modules: I. Image preprocessing; II. Femoral cartilage segmentation; and III. Analysis of
morphology and relaxometry. Left: Links to Jupyter notebooks (</>) and documentation (&). In parenthesis, notebooks in the
module not depicted here. Middle: Graphic summary of algorithms. Right: Algorithm descriptions.

3 Open and reproducible research with pyKNEEr: Our validation study

We validated pyKNEEr with experiments that also constitute an example of open and reproducible research
with pyKNEEr.


https://github.com/sbonaretti/pyKNEEr/blob/master/code/preprocessing.ipynb
https://sbonaretti.github.io/pyKNEEr/preprocessing.html
https://github.com/sbonaretti/pyKNEEr/blob/master/code/segmentation.ipynb
https://sbonaretti.github.io/pyKNEEr/segmentation.html
https://github.com/sbonaretti/pyKNEEr/blob/master/code/find_reference.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/code/segmentation_quality.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/code/morphology.ipynb
https://sbonaretti.github.io/pyKNEEr/morphology.html
https://github.com/sbonaretti/pyKNEEr/blob/master/code/relaxometry_fitting.ipynb
https://sbonaretti.github.io/pyKNEEr/relaxometry.html
https://github.com/sbonaretti/pyKNEEr/blob/master/code/relaxometry_EPG.ipynb
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3.1 Image data

We used three datasets that we named OAI1, OAI2, and inHouse (Table 2). OAI1 contained 19 Double-
Echo in Steady-State (DESS) images and T,-weighted (T»-w) spin-echo images acquired at year 4 of the
OALI study. Ground truth segmentations were created using an atlas-based method (Qmetrics Technolo-
gies, Rochester, NY, USA) [64] for a previous study [23]. OAI2 consisted of 88 DESS images acquired at
baseline and at 1-year followup. Ground truth segmentations were computed using an active appearance
model (imorphics, Manchester, UK) [67]. Finally, inHouse contained 4 images acquired at Stanford Univer-
sity using DESS and CubeQuant protocols. For clarity in the following, OAI1 will be split in OAI1-DESS
and OAI1-T2, OAI2 in OAI2-BL (baseline) and OAI2-FU (followup), and inHouse in inHouse-DESS and
inHouse-CQ (CubeQuant). Details of the acquisition parameters are in Table 2-1.

Dataset

OAI1-DESS

OAII-T,

OAIR-BL  OAI2-FU

inHouse-DESS

inHouse-CQ

Number of subjects

I. Acquisition parameters
Acquisition protocol
Acquisition plane

Number of images in series
In-plane spacing [mm]

Slice thickness [mm]
Echo time (TE) [ms]

Spin-lock time (TSL) [ms]
Repetition time (TR) [ms]
Flip angle [°]

II. Ground truth segmentation
Method
Anatomy

Type

III. Experimental results
Image number in series
Preprocessing

Spatial standardization

Intensity standardization
Segmentation

Find reference

Intersubject

Longitudinal

Multimodal
Segmentation quality

Dice coefficient
Analysis

Morphology

Relaxation

19

DESS
sagittal
2 (1 available)®
0.3646 x 0.3646
(0.4270 x 0.4270)*
0.7 (0.75)*
4.7

16.32
25

19

Tz-W
sagittal
7
0.3125 x 0.3125
(0.4296 x 0.4296)*
3 (3.5)

10, 20, 30, 40,
50, 60, 70
2700 (2900)*
180

atlas-based
femur, femoral cartilage
mask

1

4,8,10,13, 16
L]

[ JXe}

L e}

88 88

DESS
sagittal
2 (1 available)®
0.3646 x 0.3646

0.7
47

16.32
25

active models
femoral cartilage
contour

[ JXel [ e}

4

DESS
sagittal
2
0.3125 x 0.3125

1.5
42.52

25
30

4

CubeQuant
sagittal
4
0.3125 x 0.3125

3

1, 10, 30, 60
1302
90

Table 2: Datasets used to evaluate pyKNEEr. I. Acquisition parameters: Parameters of the protocols used to acquire the images.
Images of OAI1-DESS, OAI2-BL, and OAI2-FU were acquired with the same DESS protocol, consisting of 2 echos, although only
their average was available (¢). Images of one subject of the dataset OAI1 had different slice spacing and thickness (x). Data queries
to obtain acquisition parameters are in a Jupyter notebook (</>). The original identification numbers (IDs) of the OAI images are
in a Jupyter notebook used as a metafile (&). II. Ground truth segmentation: The datasets OAIl and OAI2 have ground truth
segmentations. They differ for computational method, segmented anatomy, and label type. III. Experimental results: Details of the
steps in pyKNEEr for each dataset. Full circle (o) indicates processing of the dataset, while empty circle (o) indicates processing of
ground truth segmentations. The numbers in "Find reference" indicated the ID of the seed images used in the convergence study.
Links are to the executed notebooks on GitHub.

3.2 Results

We preprocessed, segmented, and analyzed all the dataset using different options in pyKNEEr, according
to dataset characteristics and availability of ground truth segmentation (€) (Table 2-III).


https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI1_T2_0.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI1_T2_1-6.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI2_BL.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI2_FU.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse_spatial.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse_spatial.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI1_T2_0.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_OAI2_BL.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/preprocessing_inHouse.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/find_reference_04.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/find_reference_08.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/find_reference_10.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/find_reference_13.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/find_reference_16.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI2_BL.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_inHouse_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI2_FU.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI1_T2_0.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_inHouse_CQ.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_quality_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_quality_OAI1_T2_0.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_quality_OAI2_BL.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_quality_OAI2_FU.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI1_DESS_QM.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI1_T2_0.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI1_T2_QM.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI2_BL.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI2_BL_IM.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI2_FU.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_OAI2_FU_IM.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_inHouse_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/morphology_inHouse_CQ.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/relaxometry_fitting_OAI1_T2.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/relaxometry_fitting_OAI1_T2_QM.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/relaxometry_EPG_inHouse.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/relaxometry_fitting_inHouse_T1rho.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/pyKNEEr_data.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/pyKNEEr_data_OAI.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/data_index.ipynb
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Figure 4: Results for the datasets OAI1-DESS (red), OAI1-T2 (green), OAI2-BL (cyan), and OAI2-FU (purple). (a) Violin plots
describing the distribution of the DSC within each dataset. The dots represent DSC values spread around the y-axis to avoid visu-
alization overlap. (b-d) Correlation between measurements derived from ground truth segmentations and pyKNEEr’s segmentations,
i.e. cartilage thickness (b), cartilage volume (c), and T, maps (d). € </> 8

Preprocessing. We executed spatial preprocessing for all images of the datasets and intensity prepro-
cessing only for the images directly involved in segmentation.

Finding reference. We selected the reference mask from the dataset OAI1-DESS because of the availability
of ground truth segmentations of the femur. We picked 5 images as initial reference for our parallel
investigation using a python random function (random seed = 4 </>). For all the studies, we found the
reference as the subject whose vector field distance to the average vector field was the minimum (subject
ID =9).

Segmenting intersubject, longitudinal, and multimodal images. We segmented images from OAI1-DESS,
OAI2-BL, and inHouse-DESS as new subjects. Segmentation failure were 1 for OAI1-DESS (ID = 6 </>),
3 for OAI2-BL (IDs = 6,24,31 </>), and none inHouse-DESS (</>). We excluded the failed registrations
from the following analysis of segmentation quality, cartilage morphology, and cartilage relaxometry. We

10


https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/data_index.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/data_analysis.ipynb
https://mybinder.org/v2/gh/sbonaretti/pyKNEEr/master?filepath=publication%2Fdata%2Fdata_analysis.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/code/pykneer/find_reference_random_gen.py
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI1_DESS.ipynb
https://github.com/sbonaretti/pyKNEEr/blob/master/publication/data/segmentation_OAI2_BL.ipynb
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segmented the first acquisition of OAI1-T2 images (</>) and inHouse-CQ images (</>) using the multimodal
option in pyKNEER, and OAI2-FU images (</>) using the longitudinal option.

Segmentation quality. We evaluated segmentation quality for the datasets OAI1 and OAI2 because they
had ground truth segmentations of femoral cartilage. The Dice similarity coefficients were 0.86 = 0.02
(mean =+ standard deviation) for OAI1-DESS, 0.76 = 0.04 for OAI1-T2, 0.73 4= 0.04 for OAI2-BL, and 0.72 +
0.04 for OAI2-FU (Fig. 4a) (</>).

Morphology. We calculated cartilage thickness and volume for all datasets, including ground truth
segmentations. We computed correlations of cartilage thickness calculated from pyKNEEr's segmentation
and ground truth segmentation, and we found that Pearson coefficients were 0.958 for OAI1-DESS, 0.668
for OAI1-T2, 0.654 for OAI2-BL, and 0.667 for OAI2-FU (Fig 4b). Similarly, we computed correlations for
cartilage volume, and we found that Pearson coefficients were 0.983 for OAI1-DESS, 0.847 for OAI1-T2,
0.891 for OAI2-BL, and 0.885 for OAI2-FU (Fig 4c) (</>).

Relaxometry. Before calculating relaxometry maps for OAI1-T2, we rigidly registered the images with
shortest TE to the image with longest TE. Similarly, before calculating T1, maps for inHouse-CQ, we
rigidly registered the images with shortest TSL to the image with longest TSL. Then, we calculated T,
maps for OAI-T2 images extracting values in pyKNEEr’s masks (</>) and ground truth masks (</>), and
we compared them, obtaining a Pearson’s coefficient of 0.513 (</>). Finally, we computed relaxometry
maps using exponential fitting for inHouse-CQ (</>) and EPG modeling for inHouse-DESS (</>) to show
feasibility of the methods.

4 Discussion

To test possible reproducible workflows with pyKNEEr, we ran experiments with three different datasets.
Image preprocessing was successful in all cases, while image segmentation failed in 4 cases. Average
DSC were 0.81 for dataset OAIl and 0.73 for dataset OAI2, which are in the range of published values
(Fig. 5). Discrepancies of DSC between OAIl and OAI2 can be due to the different characteristics of
ground truth segmentations. OAIl ground truth segmentations were created using an atlas-based method
with DSC = 0.88 [64] (see "TamezPena (2012)" in Fig. 5), whereas OAI2 ground truth segmentations
were created using an active appearance model with DSC = 0.78 [67] (see "Vincent (2011)" in Fig. 5).
In addition, to calculate DSC we transformed OAI2 ground truth segmentations from contours to vol-
umetric masks, potentially adding discretization error. Quality of segmentation had a direct impact on
morphology and relaxometry analysis. Pearson’s coefficient was higher for cartilage volume than cartilage
thickness, suggesting higher preservation of volume, and it was low for T, relaxation times, suggesting
higher dependency on segmentation quality for intensity-based measurements. Finally, regression lines
show that measurements from pyKNEEr segmentation overestimated small thicknesses and underestimated
large volumes and T, values (Fig. 4). Despite its modest performance, we implemented atlas-based seg-
mentation because it has the advantage to provide byproducts for further analysis. Image correspondences
established during the registration step can be used for intersubject and longitudinal comparison of carti-
lage thickness and relaxation times, and voxel-based morphometry and relaxometry [47].
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Figure 5: Performances of the segmentation module of pyKNEEr, compared with 24 studies in literature that report it. Full dots rep-
resents studies where DSCs were calculated on the whole mask, whereas empty dots represent studies where DSCs were calculated
in specific parts of the cartilage, e.g. the weight-bearing area [24]. € ¢</> 8.

We designed pyKNEEr to facilitate transparent research on femoral knee analysis from MR images. Tra-
ditionally, medical image analysis workflows are in ITK, VTK, and Qt, requiring advanced computational
skills in C++ to build, run, and extend code. We wrote pyKNEEr in python because of its ease of use,
compatibility with various operating systems, and extensive computing support through packages and
open code. As a consequence, pyKNEEr can be easily installed as a package in the python environment
and does not require advanced programming skills. In addition, we used Jupyter notebooks as a user-
interface because of their ease of use, literate computing approach [40], versatility for publications, and
sharing among researchers. In pyKNEEr, Jupyter notebooks can be simply downloaded from our GitHub
repository (Q) to a local folder. Researchers have to input an image list and optionally set a few variables,
and after automatic execution of the notebook, they directly obtain visualizations, graphs, and tables for
further analysis. In addition, researchers can link the executed notebook directly to papers (similarly to Ta-
ble 2) and thus create an interactive publication with reproducible analysis. In the medical image analysis
community, other examples of combined use of python and Jupyter notebooks are mainly for educational
and general research purpose (e.g SimpleITK notebooks [77]), while usage of python as a programming
language is rapidly gaining popularity in neuroimaging (e.g. Nipype [20]).

Several extensions of pyKNEEr could be imagined, due to the modularity of its structure. In the seg-
mentation module, the current notebook implementing atlas-based segmentation (segmentation.ipynb)
could be substituted by notebooks with hybrid machine or deep learning algorithms, which can provide
higher DSC [1] (Fig.5). In the morphology module (morphology.ipynb), the code structure already in-
cludes a flag (thickness_algo) to integrate additional algorithms for cartilage thickness, such as surface
normal vectors, local thickness, and potential field lines [38]. Finally, new notebooks could be added to
the workflow to segment and analyze more knee tissues, such as tibial cartilage, patellar cartilage, and the
menisci. Extensions will require a limited amount of effort because of the popularity and ease of python,
the free availability of a large number of programming packages, and the flexibility of Jupyter notebooks
[77]. In addition, standardized file format and computational environment will facilitate comparison of
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findings and performances of new algorithms.

In conclusion, we have presented pyKNEEr, an image analysis workflow for open and reproducible
research on femoral knee cartilage. We validated pyKNEEr with three experiments, where we tested pre-
processing, segmentation, and analysis. Through our validation test, we presented a possible modality
of conducting open and reproducible research with pyKNEEr. Finally, in our paper we provide links to
executed notebooks and executable environments for computational reproducibility of our results and
analysis.

References

[1] AmBELLAN, F, Tack, A., EHLKE, M., AND ZACHOW, S. Automated segmentation of knee bone and
cartilage combining statistical shape knowledge and convolutional neural networks: Data from the
Osteoarthritis Initiative. Medical Image Analysis (2018).

[2] AMBERG, M., LutHi, M., AND VETTER, T. Fully automated segmentation of the knee using local
deformation-model fitting. In MICCAI 2010 Workshop Medical Image Analysis for the Clinic—A Grand
Challenge (SKI10) (2010), pp. 251-260.

[3] Avants, B. B., TustisoN, N. J., Song, G., Coox, P. A, KLEIN, A., AND Gk, J. C. A reproducible
evaluation of ANTs similarity metric performance in brain image registration. Neurolmage 54, 3
(2011), 2033-2044.

[4] Bag, K. T, Suim, H., Tao, C., CHANG, S., WANG, J. H., Boubreau, R., AND Kwon, C. K. Intra- and
inter-observer reproducibility of volume measurement of knee cartilage segmented from the OAI
MR image set using a novel semi-automated segmentation method. Osteoarthritis and Cartilage 17, 12
(2009), 1589-1597.

[5] BorrEN, K., Cacrorro, J. T.,, KarLaN, R., KrosNICK, J., AND OLDs, ]J. L. Social, behavioral, and
economic sciences perspectives on robust and reliable science. Tech. rep., 2015.

[6] CarBALLIDO-GAMIO, J., BAUER, J. S., StAHL, R., LEE, K. Y., KRAUSE, S., LINK, T. M., AND MAJUMDAR, S.
Inter-subject comparison of MRI knee cartilage thickness. Medical Image Analysis 12, 2 (2008), 120-135.

[7] Cuen, W. Errors in quantitative Tlrho imaging and the correction methods. Quantitative imaging in
medicine and surgery 5, 4 (2015), 583-91.

[8] CLaErBOUT, J. F, AND KARRENBACH, M. Electronic documents give reproducible research a new
meaning. SEG Technical Program Expanded Abstracts 1992 11, 1 (1992), 601-604.

[9] CoLLins, E S., anD TaBak, L. A. NIH plans to enhance reproducibility. Nature 505, 7485 (2014),
612-613.

[10] Commrssion, T. E. Commission recommendations of 17 July 2012 on access to and preservation of
scientific information. Tech. rep., 2012.

[11] Dawm, E. B, LittHOLM, M., MARQUES, J., AND NIELSEN, M. Automatic Segmentation of High- and
Low-Field Knee MRIs Using Knee Image Quantification with Data from the Osteoarthritis Initiative.
Journal of Medical Imaging 2, 2 (2015), 1-13.

[12] Dicg, L. Measures of the amount of ecologic association between species. Ecology (1945), 297-302.

[13] DoEHrMANN, O., GHOSH, S. S., PoL11, F. E., REynoLDs, G. O., HorN, F., KEsaHavaN, A., TRIANTAFYL-
Lovu, C., SAYGIN, Z. M., WHITFIELD-GABRIELI, S., HOFMANN, S. G., PoLLACK, M., AND GABRIELI, J. D.
Predicting treatment response in social anxiety disorder from functional magnetic resonance imaging.
Archives of General Psychiatry 70,1 (2013), 87-97.

13


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

[14] DonoHo, D. L., MALEKT, A., RauMaN, I. U., SHAHRAM, M., AND STODDEN, V. Reproducible research
in computational harmonic analysis. Comput. Sci. Eng. 11, 1 (2009), 8-18.

[15] EcksTEIN, F.,, BOUDREAU, R., WANG, Z., HANNON, M. J., DURYEA, J., WirRTH, W., COTOFANA, S., GUER-
Mazi, A., ROEMER, F., NeviTt, M., JoHN, M. R., LADEL, C., SHARMA, L., HUNTER, D. J., AND KwoH,
C. K. Comparison of radiographic joint space width and magnetic resonance imaging for prediction
of knee replacement: A longitudinal case-control study from the Osteoarthritis Initiative. European
Radiology 26, 6 (2016), 1942-1951.

[16] EstEBAN, O., MARKIEWICZ, C. J., BLAIR, R. W.,, MooDIEg, C. A., Avsg, 1., ERRamuzrE, A., KenT, J. D,,
GoncALvEs, M., DuPRE, E., SNYDER, M., Oyva, H., GHOsH, S. S., WRIGHT, J., DURNEZ, J., POLDRACK,
R. A., GorGorLEWSKI, K. J., Isik, A. 1., ERRAMUZPE ALIAGA, A., KENT, ]J. D., GoNcaLvEs, M., DUPRE, E,,
SNYDER, M., Ova, H., GHOSH, S. S., WRIGHT, J., DURNEZ, J., POLDRACK, R. A., AND GORGOLEWSKI, K. J.
FMRIPrep: A robust preprocessing pipeline for functional MRI. Nature Methods 16, January (2019),
1-20.

[17] FiscuL, B., SaLaT, D. H., Busa, E., ALBERT, M., DieTERICH, M., HASELGROVE, C., KILLIANY, R,,
KeENNEDY, D., KLAVENESS, S., MONTILLO, A., MAKRIS, N., RoseN, B., AND DALE, A. M. Whole brain
segmentation: automated labeling of neuroanatomical structures in the human brain. Neuron 33, 3
(2002), 341-355.

[18] ForkessoN, J., Dam, E. B., OLsEN, O. F,, PETTERSEN, P. C., AND CHRISTIANSEN, C. Segmenting articular
cartilage automatically using a voxel classification approach. IEEE Transactions on Medical Imaging 26,
1 (2007), 106-115.

[19] GiL, Y., Davip, C. H., DEMIR, 1., Essawy, B. T., FULWEILER, R. W., GoopALL, ]J. L., KARLSTROM, L., LEE,
H., Mts, H. J.,, On, J.-u. H., P1ERCE, S. A., PoPE, A., TZENG, M. W., VILLAMIZAR, S. R. S., AND YU, X.
Toward the geoscience paper of the future: Best practices for documenting and sharing research from
data to software to provenance. Earth and Space Science 3, 10 (2016), 388—415.

[20] GorGoreEwskl, K., Burns, C. D., Map1soN, C., CLARK, D., HALcHENKO, Y. O., WaskoMm, M. L., AND
GHosH, S. S. Nipype: A flexible, lightweight and extensible neuroimaging data processing framework
in python. Frontiers in Neuroinformatics 5, August (2011).

[21] GunDpERrsEN, O. E., GI1L, Y., AND AHA, D. W. On reproducible Al: Towards reproducible research, open
science, and digital scholarship in Al publications. Al Magazine 39, 3 (2017), 56-68.

[22] HaFezI-NEjAaD, N., DEMEHRI, S., GUERMAZI, A., AND CARRINO, J. A. Osteoarthritis year in review
2017: updates on imaging advancements. Osteoarthritis and Cartilage 26, 3 (2018), 341-349.

[23] Harirayg, E,, Hastrg, T. J., GoLp, G. E., AND DELP, S. L. Physical activity is associated with changes in
knee cartilage microstructure. Osteoarthritis and Cartilage 26, 6 (2018), 770-774.

[24] HEmMANN, T., AND MORRISON, B. Segmentation of knee images: A grand challenge. Proc. Medical
Image Analysis for the Clinic: A Grand Challenge. Bejing, China (2010), 207-214.

[25] HUNTER, D. J., ScHOFIELD, D., AND CALLANDER, E. The individual and socioeconomic impact of
osteoarthritis. Nature Reviews Rheumatology 10, 7 (2014), 437-441.

[26] JimENEZ, R. C., Kuzak, M., ALHAMDOOSH, M., BARKER, M., BATUT, B., BORG, M., CAPELLA-GUTIERREZ,
S., Caut Hong, N., Cook, M., Corras, M., FLANNERY, M., GaRcIa, L., Gerri, J. L., GLADMAN, S.,
GosLE, C., GONZALEZ FERREIRO, M., GONZALEZ-BELTRAN, A., GRIFFIN, P. C., GRUNING, B., HAGBERG,
J., Horus, P, Hoorr, R., IsoN, J., KaTtz, D. S., LESKOSEK, B., L6rEz GOMEZ, E., OLIVEIRA, L. J., MELLOR,
D., MosBERGEN, R., MULDER, N., PEREZ-RIVEROL, Y., PERGL, R., PIcHLER, H., PorE, B., SaNz, F.,
SCHNEIDER, M. V., STODDEN, V., SUCHECKI, R., SvOoBODOVA VAREKOVA, R., TALVIK, H.-A., TopDOROV, 1.,
TRELOAR, A., Tyaci, S., vaNn GoMmPEL, M., VAUGHAN, D., Via, A., WANG, X.,, WaTtsoN-HaiGH, N. S,,

14


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

AND CroucH, S. Four simple recommendations to encourage best practices in research software.
F1000Research 6 (2017), 876.

[27] JUPYTER, P., BussONNIER, M., FORDE, J., FREEMAN, J., GRANGER, B., HEAD, T., HoLDGRAF, C., KELLEY,
K., NALVARTE, G., OSHEROFF, A., PACER, M., PANDA, Y., PEREZ, F., RAGAN-KELLEY, B., AND WILLING, C.
Binder 2.0 - Reproducible, interactive, sharable environments for science at scale. In Proceedings of the
17th Python in Science Conference (2018), no. Scipy, pp. 113-120.

[28] KLEIN, S., STARING, M., MURPHY, K., VIERGEVER, M., AND PLulpy, J. elastix: A Toolbox for intensity-
based medical image registration. IEEE Transactions on Medical Imaging 29, 1 (2010), 196-205.

[29] Lawson, G. M., Dubpa, J. T., AvanTs, B. B., Wu, J., AND FARAH, M. J. Associations between children’s
socioeconomic status and prefrontal cortical thickness. Developmental Science 16, 5 (2013), 641-652.

[30] LEg, J.-G., Gumus, S.,, Moon, C. H., Kwon, C. K., aND Bag, K. T. Fully automated segmentation
of cartilage from the MR images of knee using a multi-atlas and local structural analysis method.
Medical Physics 41, 9 (2014), 092303.

[31] Leg, S., Park, S. H.,, SmiM, H,, Yun, L. D., anND Leg, S. U. Optimization of local shape and appear-
ance probabilities for segmentation of knee cartilage in 3-D MR images. Computer Vision and Image
Understanding 115, 12 (2011), 1710-1720.

[32] L1, X., BENJaMIN M4, C., LNk, T. M., CasTiLLO, D. D., BLUMENKRANTZ, G., L0zZANO, J., CARBALLIDO-
GaMio, J., Ries, M., AND MAJUMDAR, S. In vivo Tlp and T2 mapping of articular cartilage in os-
teoarthritis of the knee using 3 T MRI. Osteoarthritis and Cartilage, 15 (2007), 789-797.

[33] Ly, E, ZHOU, Z., JANG, H., McMILLAN, A., AND Krjowski, R. Deep convolutional neural network and

3D deformable approach for tissue segmentation in musculoskeletal magnetic resonance imaging.
Magnetic Resonance in Medicine 79 (2018), 2379-2391.

[34] L1y, Q., WANG, Q., ZHANG, L., Gao, Y., AND SHEN, D. Multi-atlas context forests for knee MR image
segmentation. In International Workshop on Machine Learning in Medical Imaging (2015), no. June 2016,
pp- 186-193.

[35] LiukkoNEN, M. K., MONONEN, M. E., TANSKA, P., SAARAKKALA, S., NIEMINEN, M. T., AND KORHONEN,
R. K. Application of a semi-automatic cartilage segmentation method for biomechanical modeling of
the knee joint. Computer Methods in Biomechanics and Biomedical Engineering 20, 13 (2017), 1453-1463.

[36] Lowekamr, B. C., CueN, D. T, IBANEZ, L., AND BLEZEK, D. The Design of SimplelTK. Frontiers in
Neuroinformatics 7, December (2013), 1-14.

[37] LUGER, R., FOREMAN-MACKEY, E. A. D., FLEMING, D. P., LUSTIG-YAEGER, J., AND DEITRICK, R. STARRY:
Analytic occultation light curves. arXiv:1810.06559v1 [astro-ph.IM] (2018).

[38] MAIER, J., BLack, M., BoNARETTI, S., BIER, B., EskoriEr, B., Cuxor, J. H., LEvensTON, M., GOLD,
G., FaHriG, R, AND MAIER, A. Comparison of different approaches for measuring tibial cartilage
thickness. Journal of integrative bioinformatics 14, 2 (2017), 1-10.

[39] MARTEL-PELLETIER, J., BARR, A. J., CicutTIN, F. M., CoNAGHAN, P. G., CooPER, C., GOLDRING, M. B,,
GOLDRING, S. R., JoNEs, G., TEICHTAHL, A. ]J., AND PELLETIER, J. P. Osteoarthritis. Nature Reviews
Disease Primers 2 (2016), 1-18.

[40] MitLmaN, K. J., AND PErez, F. Developing Open Source Practices. In Implementing Reproducible
Research, V. Stodden, F. Leisch, and R. D. Peng, Eds. Taylor & Francis, 2014, pp. 1-29.

[41] Monu, U. D., Jorpan, C. D., SAMUELSON, B. L., HARGREAVES, B. A., GoLp, G. E., AND MCWALTER, E. J.
Cluster analysis of quantitative MRI T2 and T1rho relaxation times of cartilage identifies differences
between healthy and ACL-injured individuals at 3T. Osteoarthritis and Cartilage 25, 4 (2017), 513-520.

15


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

[42] Munaro, M. R., Nosek, B. A., Bisaor, D. V. M., Burton, K. S., CHAMBERS, C. D., PERCIE, N., SIMON-
soHN, U., AND WAGENMAKERS, E.-J. A manifesto for reproducible science. Nature Publishing Group 1,
January (2017), 1-9.

[43] NorMAN, B., PEpOIA, V., AND MAJUMDAR, S. Use of 2D U-Net convolutional neural networks for
automated cartilage and meniscus segmentation of knee MR imaging data to determine relaxometry
and morphometry. Radiology 288, 1 (2018), 177-185.

[44] OzriUrg, C. N., AND ALBAYRAK, S. Automatic segmentation of cartilage in high-field magnetic reso-
nance images of the knee joint with an improved voxel-classification-driven region-growing algorithm
using vicinity-correlated subsampling. Computers in Biology and Medicine 72 (2016), 90-107.

[45] Pavrazzo, C., Ravaup, J.-E, PAPELARD, A., RavauDp, P., AND PoiRAUDEAU, S. The burden of muscu-
loskeletal conditions. PLoS ONE 9, 3 (2014), €90633.

[46] PaNg, ], L1, P. Y., Q1u, M., CHEN, W., AND Q140, L. Automatic articular cartilage segmentation based
on pattern recognition from knee MRI images. Journal of Digital Imaging 28, 6 (2015), 695-703.

[47] PepoO14, V., L1, X, Su, F, CarLixto, N.,, AND MAJUMDAR, S. Fully automatic analysis of the knee
articular cartilage T 1p relaxation time using voxel-based relaxometry. Journal of Magnetic Resonance
Imaging 43 (2015), 970-980.

[48] PEDOI1A, V., MAJUMDAR, S., AND LINK, T. M. Segmentation of joint and musculoskeletal tissue in the
study of arthritis. Magnetic Resonance Materials in Physics, Biology and Medicine (2016).

[49] PeTERFY, C. G., SCHNEIDER, E., AND NEVITT, M. The osteoarthritis initiative: report on the design
rationale for the magnetic resonance imaging protocol for the knee. Osteoarthritis and Cartilage 16, 12
(2008), 1433-1441.

[50] PoLDRACK, R. A., BAkER, C. 1., DURNEZ, J., GorRGOLEWSKI, K. J., MATTHEWS, P. M., MUNAFO, M. R,,
Nicnots, T. E., POLINE, J. B., VuL, E., AND YARKONI, T. Scanning the horizon: Towards transparent
and reproducible neuroimaging research. Nature Reviews Neuroscience 18, 2 (2017), 115-126.

[51] Prasoon, A, IGeL, C., Loog, M., Lauzg, E, Dam, E. B., AND NIELSEN, M. Femoral cartilage segmen-
tation in knee MRI scans using two stage voxel classification. Proceedings of the Annual International
Conference of the IEEE Engineering in Medicine and Biology Society, EMBS (2013), 5469-5472.

[52] Prasoon, A., PerersEN, K., Icer, C., Lavzg, E, DaMm, E., AND NIELSEN, M. Deep feature learning
for knee cartilage segmentation using a triplanar convolutional neural network. In Medical Image
Computing and Computer-Assisted Intervention — MICCAI 2013 (2013), no. 09, pp. 246-253.

[53] PRLIC, A., AND PROCTER, ]. B. Ten simple rules for the open development of scientific software. PLoS
Computational Biology 8, 12 (2012), 8-10.

[54] RULE, A., BIRMINGHAM, A., ZUNIGA, C., ALTINTAS, 1., HUANG, S.-C., KNIGHT, R., MosHIRI, N., NGUYEN,
M. H., RoseENTHAL, S. B., PERez, F, AND Rosg, P. W. Ten simple rules for reproducible research in
Jupyter notebooks. arXiv:1810.08055 (2018).

[55] SANDVE, G. K., NEKRUTENKO, A., TAYLOR, ]., AND Hovig, E. Ten simple rules for reproducible compu-
tational research. PLoS Computational Biology 9, 10 (2013), 1-4.

[56] ScHAEFER, L. E,, SURY, M., YIN, M., JAMIESON, S., DONNELL, I., SMITH, S. E., LyncH, J. A., NeEviTT, M. C,,
AND DURYE4, ]. Quantitative measurement of medial femoral knee cartilage volume — analysis of the
OA Biomarkers Consortium FNIH Study cohort. Osteoarthritis and Cartilage 25, 7 (2017), 1107-1113.

[57] SemMm, H., KAINMUELLER, D., LAMECKER, H., BINDERNAGEL, M., MALINOWSKI, J., AND ZACHOW, S.
Model-based auto-segmentation of knee bones and cartilage in MRI data. In Proc. Medical Image
Analysis for the Clinic: A Grand Challenge. Bejing, China (2010), pp. 215-223.

16


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

[58] SETHIAN, ]. Level set methods and fast marching methods. Cambridge Press, 1999.

[59] SHAN, L., ZacH, C., CHARLES, C., AND NIETHAMMER, M. Automatic atlas-based three-label cartilage
segmentation from MR knee images. Medical Image Analysis 18, 7 (2014), 1233-1246.

[60] Suim, H., CHANG, S., Tao, C., WANG, ].-H., Kwoms, C. K., AND BAE, K. T. Knee cartilage: Efficient and
reproducible segmentation on high-spatial-resolution MR images with the semiautomated graph-cut
algorithm method. Radiology 251, 2 (2009), 548-556.

[61] SLED, ]., ZIDENBOS, A., AND EvaNs, A. A nonparametric method for automatic correction of intensity
nonuniformity in MRI data. IEEE Transactions on Medical Imaging 17, 1 (1998), 87-97.

[62] SoLLoway, S., HUTCHINSON, C. E., WATERTON, J. C., AND TAYLOR, C. ]. The use of active shape models
for making thickness measurements of articular cartilage from MR images. Magnetic resonance in
medicine 37, 6 (1997), 943-952.

[63] SvEINSSON, B., CHAUDHARI, A. S., GoLD, G. E., AND HARGREAVES, B. A. A simple analytic method for
estimating T2 in the knee from DESS. Magnetic Resonance Imaging 38 (2016), 63-70.

[64] TaAMEZz-PENA, J. G., FARBER, J., GONZALEZ, P. C., SCHREYER, E., SCHNEIDER, E., AND TOTTERMAN, S. Un-
supervised segmentation and quantification of anatomical knee features: Data from the osteoarthritis
initiative. IEEE Transactions on Biomedical Engineering 59, 4 (2012), 1177-1186.

[65] VaN Erp, T. G., HiBAR, D. P, RasmusseN, J. M., GLAHN, D. C., PEARLSON, G. D., ANDREASSEN, O. A.,
Acartz, 1., WesTLYE, L. T.,, Haukvik, U. K., DaLg, A. M., MEeLLE, 1., HARTBERG, C. B., GRUBER, O,
KRAEMER, B., ZiLLEs, D., DoNnoHOE, G., KELLY, S., McDonaLD, C., Morris, D. W., CanNON, D. M,,
CorviN, A., MACHIELSEN, M. W., KOENDERS, L., DE HaAN, L., VELTMAN, D. J., SATTERTHWAITE, T. D.,
Woirr, D. H,, Gur, R. C,, Gur, R. E., PorkiN, S. G., MATHALON, D. H.,, MUELLER, B. A., PREDA,
A., Macciarpi, E, EarLicH, S., WALTON, E., Hass, J., CALHOUN, V. D., BockHoLT, H. J., SPONHEIM,
S. R., SHOEMAKER, J. M., VAN HAREN, N. E,, Por, H. E., OrPHOFF, R. A., KAHN, R. S., RO12Z-SANTIAEZ, R.,
CRESPO-FACORRO, B., WANG, L., ALPERT, K. ., JONSsoN, E. G., DiMITROVA, R., Bo1s, C., WHALLEY, H. C,,
McINTosH, A. M., LAWRIE, S. M., HasaimmoTo, R., THOMPSON, P. M., AND TURNER, J. A. Subcortical
brain volume abnormalities in 2028 individuals with schizophrenia and 2540 healthy controls via the
ENIGMA consortium. Molecular Psychiatry 21, 4 (2016), 547-553.

[66] van TieL, J., KoTEK, G., REIfMAN, M., Bos, P. K., BroN, E. E., KLEIN, S., NassERINEJAD, K., vAN OscH,
G.J. V. M,, VERHAAR, ]. A. N,, KresTIN, G. P, WEINANS, H., AND Okr, E. H. G. Is Tlp mapping an
alternative to delayed gadolinium-enhanced MR imaging of cartilage in the assessment of sulphated
glycosaminoglycan content in human osteoarthritic knees? An in vivo validation study. Radiology
279, 2 (2016), 523-531.

[67] VINCENT, G., WOLSTENHOLME, C., SCOTT, 1., AND BowEs, M. Fully automatic segmentation of the knee
joint using active appearance models. MICCAI 2010 Workshop Medical Image Analysis for the Clinic—A
Grand Challenge (SKI10) (2011).

[68] WaNgG, P, HE, X,, L1, Y., Znu, X., CHEN, W., AND Q1U, M. Automatic knee cartilage segmentation using
multi-feature support vector machine and elastic region growing for magnetic resonance images.
Journal of Medical Imaging and Health Informatics 6, 4 (2016), 948-956.

[69] WaNgG, Q., Wy, D,, Ly, L., L1u, M., BoYer, K. L., AND ZHOU, S. K. Semantic context forests for learning-
based knee cartilage segmentation in 3D MR images. In Medical Computer Vision. Large Data in Medical
Imaging Lecture Notes in Computer Science (Newyork, 2013), Springer, Ed., pp. 105-115.

[70] WANG, Z., DoNOGHUE, C., AND RUECKERT, D. Patch-based segmentation without registration: Appli-
cation to knee MRI. In Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial
Intelligence and Lecture Notes in Bioinformatics) (2013), vol. 8184 LNCS, pp. 98-105.

17


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

[71] WickaAM, H. ggplot2: Elegant graphics for data analysis. Springer-Verlag New York, 2016.

[72] WiLkiNsON, L. The grammar of graphics (statistics and computing). Springer-Verlag, Berlin, Heidelberg,
2005.

[73] WiLkinsoN, M. D., DuMONTIER, M., AALBERSBERG, I. J., APPLETON, G., AXTON, M., Baak, A,
BLOMBERG, N., BOITEN, J.-W., DA SiLva SanTtos, L. B., BourNE, P. E.,, BouwMAN, J., BROOKES, A. J.,
Crark, T., Crosas, M., DiLro, 1., Dumon, O., EpmunDs, S., EviLo, C. T., FINKERs, R., GONZALEZ-
BELTRAN, A., GraAy, A. J. G.,, GroTH, P, GosBLE, C., GRETHE, J. S., HERINGA4, J., 'T HOEN, P. A. C,,
Hoort, R., Kunn, T, Kok, R., Kok, J., LusHER, S. J., MARTONE, M. E., Mons, A., PACKER, A. L.,
PERSsON, B., Rocca-SERrRRA, P, Roos, M., VAN ScHAIK, R., SANSONE, S.-A., SCHULTES, E., SENGSTAG, T,
SLATER, T., STRAWN, G., SWERTZ, M. A., THOMPSON, M., VAN DER LEI, J., VAN MULLIGEN, E., VELTEROP,
J., WAAGMEESTER, A., WITTENBURG, P., WOLSTENCROFT, K., ZHAO, J., AND MoNSs, B. The FAIR guiding
principles for scientific data management and stewardship. Scientific Data 3 (mar 2016), 160018.

[74] WiLLiams, T. G., HoLMmEs, A. P., WATERTON, ]. C., Maclewicz, R. A., HurcHinsoN, C. E., Moors,
R.J., NasH, A. E P, AND TAYLOR, C. J. Anatomically corresponded regional analysis of cartilage in
asymptomatic and osteoarthritic knees by statistical shape modelling of the bone. IEEE Transactions
on Medical Imaging 29, 8 (2010), 1541-1559.

[75] WoELFLE, M., OLLIARO, P, AND ToDpD, M. H. Open science is a research accelerator. Nature Chemistry
3,10 (2011), 745-748.

[76] WooLF, A. D., AND PFLEGER, B. Burden of major musculoskeletal conditions. Bulletin of the World
Health Organization 81, 9 (2003), 646—656.

[77] Yan1v, Z., Lowekamp, B. C., JounsoN, H. J., AND BEAREg, R. SimplelTK image-analysis notebooks: A
collaborative environment for education and reproducible research. Journal of Digital Imaging 31, 3
(2018), 290-303.

[78] YIN, Y., ZHANG, X., WiLLIAMS, R., WU, X., ANDERSON, D., AND Sonka, M. LOGISMOS—Layered
optimal graph image segmentation of multiple objects and surfaces: Cartilage segmentation in the
knee joint. IEEE Trans Med Imaging 29, 12 (2010), 2023-2037.

[79] ZuaANgG, B., ZHANG, Y., CHENG, H. D., X1aN, M., GAI, S., CHENG, O., AND HuaNG, K. Computer-aided
knee joint magnetic resonance image segmentation - A survey. biorxiv=11802.04894v1 (2018).

[80] ZnaNg, K., Lu, W.,, AND MARzILIANO, P. Automatic knee cartilage segmentation from multi-contrast
MR images using support vector machine classification with spatial dependencies. Magnetic Resonance
Imaging 31, 10 (2013), 1731-1743.

[81] Znov, Z., Zuao, G., Kyowski, R., aND L1u, F. Deep convolutional neural network for segmentation
of knee joint anatomy. Magnetic Resonance in Medicine 80, 6 (2018), 2759-2770.

Acknowledgements

This work was supported by Merit Review Award Number 101 RX001811 from the United States (U.S.)
Department of Veterans Affairs Rehabilitation R&D (Rehab RD) Service and by NIHEB002524 and NI-
HARO062068. The funding sources did not play a role in data analysis, manuscript preparation, or the
decision to publish this work.

We would like to thank Uche Monu for her insights on cartilage segmentation, Bragi Sveinsson for
sharing his code on EPG modeling, Valentina Mazzoli for her insight on relaxometry, Christof Seiler for
software engineering support, Amy Silder, Julie Kolesar, and Scott Uhlrich for beta testing, Susan Holmes,
Felix Ambellan, and Yolanda Gil for their feedbacks on the first preprint version of this paper, and all the
researchers that make their code open-source, on whose effort we could create pyKNEEr.

18


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/556423; this version posted May 4, 2019. The copyright holder for this preprint (which was not
certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made available under
aCC-BY 4.0 International license.

Conflict of interest

We do not have any conflict of interest.

19


https://doi.org/10.1101/556423
http://creativecommons.org/licenses/by/4.0/

	Introduction
	Characteristics and structure of pyKNEEr
	Openness: python, file formats, code reuse, and GitHub
	Reproducibility: Jupyter notebooks with computational narratives and dependencies
	Algorithms in pyKNEEr

	Open and reproducible research with pyKNEEr: Our validation study
	Image data
	Results

	Discussion

