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Purpose: The aim of this study was to verify improved, ensemble-based strategy for inferencing with use of our solution for quanti-
tative assessment of tendons and ligaments healing process and to show possible applications of the method. Methods: We chose the
problem of the Achilles tendon rupture as an example representing a group of common sport traumas. We derived our dataset from
90 individuals and divided it into two subsets: healthy individuals and patients with complete Achilles tendon ruptures. We computed
approx. 160 000 2D axial cross-sections from 3D MRI studies and preprocessed them to create a suitable input for artificial intelligence
methods. Finally, we compared different training methods for chosen approaches for quantitative assessment of tendon tissue healing
with the use of statistical analysis. Results: We showed improvement in inferencing with use of the ensemble technique that results
from achieving comparable accuracy of 99% for our previously published method trained on 500 000 samples and for the new en-
semble technique trained on 160 000 samples. We also showed real-life applications of our approach that address several clinical
problems: (1) automatic classification of healthy and injured tendons, (2) assessment of the healing process, (3) a pathologic tissue lo-
calization. Conclusions: The presented method enables acquiring comparable accuracy with less training samples. The applications of the
method presented in the paper as case studies can facilitate evaluation of the healing process and comparing with previous examination
of the same patient as well as with other patients. This approach might be probably transferred to other musculoskeletal tissues and
joints.
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question of an optimal one is still unanswered. Within
this work we studied the Achilles tendon rupture

1. Introduction

The injuries of tendons and ligaments are the most
common musculoskeletal disorders in modern medical
practice, with more than 18 case per 100 000 people
per year [13]. The statistics translated to a Polish
population gives the estimated number of 5890 people
over 15 years of age injured every year. Moreover
a risk of the tendon re-rupture is between 20-40%,
i.e., 1000-2000 cases a year. Despite recent advances

problem as an example representing the whole group
of sport injuries.

Medical professionals constantly work on novel
treatment and rehabilitation protocols and techniques
that could optimize the healing and rehabilitation time.
The introduction of automated intelligent computer
assistance tools, especially in radiology, can improve
the diagnostic process, relieve the medical experts
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Fig. 1. The figure presents a workflow of the artificial intelligence based assessment of the Achilles tendon healing.
First, numerical features are extracted from the input MRI image, then grouped into subsets
(red — features of a healthy tendon, black — features of a ruptured one).
Finally, the artificial intelligence method learns to depend on the features localized close to the tendon edema
(focus represented by a heatmap)

from basic repeatable and labour-intensive tasks and
serve as second or third opinion.

More precisely, in everyday practice evaluation of
MRI images is subjective and radiologist-dependent.
Computer science, especially artificial intelligence can
provide methods for a quantitative and objective
evaluation. As shown in Fig. 1, from medical images
we extracted a number of numerical features that can
differentiate problems like recognition of the Achilles
tendon in particular phases of the healing.

A big advantage of the modern artificial intelli-
gence methods is that features are extracted automati-
cally based on a number of example images. Subsets
of those features that describe the given problem best
influence the final decision.

In this study, we focused on improving strategy for
inferencing with use of our solution presented in [8],
dedicated for quantitative assessment of tendons and
ligaments healing process as well as showing possible
applications of the method. First, we presented litera-
ture overview and recent advancements in medical
image processing. Secondly, we described in details
two well known models that we further use for im-
proving our solution and also present case study ap-
plications. Within the case study we compare results
of different tasks related to assessment of the healing
of the Achilles tendon.

1.1. Deep learning
in medical image processing

Due to the increasing number of layers stacked to-
gether to form neural networks, machine learning do-

main focused on using them to solve problems was
dubbed Deep Learning (DL). Researchers have been
successful in applying DL paradigm in the context of
medical image processing. The first practical imple-
mentation of DL-like architecture in medical applica-
tion appeared in 1993 in the work of Zhang [19]. The
so-called shift-invariant networks were successfully
used for screening mammography. Since then, rapid
development of the field and wide interest of machine
learning community in applying deep learning methods
to medical data have enabled the algorithms to reach the
performance of human experts in many domains. The
authors of the paper [2] presented a skin cancer detection
model that obtained classification results comparable
with expert dermatologists opinions. In work [5], the
authors proposed a DL system for diabetic retinopathy
and diabetic macular edema detection which perform-
ance was comparable with an expert ophthalmologist.
The most recent works prove that, in fact, human ex-
perts can even be outperformed in diagnostic accuracy
by machine learning model. For instance, the authors of
[18] proposed a deep learning method for identification
and detection of metastatic breast cancer which im-
proves over the accuracy of human pathologist’s diag-
noses. Similarly, [17] presents analogical work on rec-
ognition of the Alzheimer disease in MRI data. The
authors of paper [3] have used machine learning algo-
rithms to parcellated human cerebral cortex and [14]
utilized deep neural networks to detect arrhythmia.

Convolutional Neural Networks

The most popular and successful class of deep neu-
ral networks models in image analysis applications are
Convolutional Neural Networks (CNN’s). The CNN’s
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Fig. 2. Convolutional Neural Networks topologies used in the case study

topologies consist of connected building blocks which
form a workflow and transform the input image into
a prediction of belonging into a particular class (e.g.,
healthy or pathologic tissue). We decided to test two
well known CNN architectures that differ in terms of
number of layers, kernels for feature extraction and
connectivity. The comparison of the selected AlexNet
and ResNet topologies is presented in Fig. 2. The
AlexNet (Fig. 2a) comprises of 3 max-pooling layers
that follow respectively first, second and fifth of the
five convolutional layers. The sizes of convolution filters
in the subsequent convolutional layers are: 11 x 11,5 x 5
and 3 times 3 x 3. The input image is downsized twice
after each of the max-pooling layers and four times
after the first convolutional layer which results from
the value of a stride parameter (the image gap be-
tween subsequent convolutions) [10].

For comparison, the first stage of the ResNet-18
model (Fig. 2b) processes the image using 7 x 7 filters
with stride 2, performs max-pooling and downsizes
the result by a factor of 2. Further, there are 8 compo-
nents performing residual mapping [6].

Regardless of differences, both architectures at the
ends contain fully connected layers and a decision func-
tion which in our case is the softmax function, i.e.:

(1.1)

The softmax layer process a probability of belong-
ings to different classes into the final output, a highly

Dk = eXpnr) / [ Zrexp(Xuie)].

discretized answer (e.g., differentiating healthy from
pathologic tissue). Based on a deeper analysis of par-
ticular parts of the presented models one can extract
different mid-level features and produce continuously
valued estimations suitable for a physiological process
assessment, e.g., tendon or ligaments healing. Possible
ensembles of the features imply an application to our
problem, e.g., (as further shown) in terms of: (1) auto-
matic classification of healthy and injured tendons,
(2) assessment of the healing process, (3) a pathologic
tissue localization.

2. Materials and methods

In this section, we presented several methods
based on deep learning algorithms that enabled us to
assess the healing process of the Achilles tendon. We
first described the dataset used in the experiment.
Then, we discussed data preparation and training
protocol. Finally, we indicated how we trained and
validated chosen deep neural networks.

2.1. Dataset

The dataset used in this work is created using
Magnetic Resonance Imaging (MRI) images collected
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within the frames of the START project “Novel Scaf-
fold-based Tissue Engineering Approaches to Healing
and Regeneration of Tendons and Ligaments”. In this
project, we acquired MRI data of a lower limb of
30 healthy volunteers and 60 patients after the Achilles
tendon complete rupture with the use of a GE Signa
HDxt 1.5T scanner with Foot & Ankle array coil.
Healthy group was treated as a reference, while the
patients followed a specially designed treatment after
the tendon reconstruction.

To monitor the progress of the healing, each of the
individuals was scanned with 10 most commonly used
in orthopaedics (or, what is most interesting, in the
image processing sense) MRI protocols, i.e., four 3D
FSPGR Ideal [Fast Spoiled Gradient Echo] (In Phase,
Out Phase, Fat, Water), PD [Proton Density], T1, T2,
T2 mapping, T2* GRE [Gradient Echo] and T2* GRE
TE MIN [Minimal Time Echo].

The healthy group was scanned only once, while
the injured patients were scanned once before the sur-
gery and 9 times afterwards (after 1, 3, 6, 9, 12, 20, 26,
40 and 52 weeks). For the purpose of this work, we se-
lected 500 3D MRI scans that contained data for healthy
and injured patients (with equal proportion of each of
the group). Figure 3 shows a sample 3D MRI image
registered for an injured and healthy individual.

Fig. 3. Sample MRI PD protocol data volumetrically rendered
with the healthy (left) and reconstructed (right) Achilles tendon
marked in red

The data was visualised using VisNow software'
developed at the Interdisciplinary Centre for Mathe-
matical and Computer Modelling [12]. We applied
volume rendering technique to the DICOM data and
marked the Achilles tendon with the red colour.

2.2. Data preparation

Processing three-dimensional images with high
resolution, such as 3D MRI scans, is computation-

! http://visnow.icm.edu.pl
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ally expensive and prone to artifacts introduced by
data anisotropy (large distances between slices as
compared to pixel size). Although several methods
that analyse 3D images have been proposed [11],
in this work we focused on 2D axial cross-sections
of the 3D data points, also called slices, which en-
ables faster computation, eliminates the need of
data interpolations, reduces anisotropy artifacts and
enables additional analysis including inter-protocol,
e.g., in the context of validating influence of regen-
erative stem cell treatment. To this end, we used
a multi-step data preparation pipeline, presented
in Fig. 4.

First, we extracted over 45.000 slices representing
the injured tendons and over 11.000 representing the
healthy ones. For machine learning methods to per-
form at their best, the representation of samples of
different classes should be balanced and represent
realistic cases. Therefore, we augment the data by
mirroring the slices and rotating the images twice by
—5 and 5 degrees.

Mirroring allowed us to include approximate rep-
resentations of opposite limbs, while small rotations
balanced the dataset by adding cases representing
variable healthy limb positions. The final dataset
contains 159 770 slices.

We assigned binary labels of ,healthy” and ,,in-
jured” to all slices, depending on the condition of the
patient. Furthermore, we performed random subsam-
pling of the slices to make sure that during training
CNNs do not learn on a series of similar cases, what
could cause difficulties in finding a generic solution.
We divided shuffled slices into a train, a test and
a validation set, containing respectively 80, 10 and
10% of the total number of the slices. The sets were
stored in the HDFS5 format that naturally preserves the
16 bit range of MRIs data, so there was no need to
recalculate values of the original units.

e Total number of 56 837 slices;
Slices extraction — | e 45313 slices derived from data of injured patients;
e 11 524slices from data of healthy volunteers
” e Augmented set of 159 770 images;
Data augmentation ———] « 90626 (injured), 69144 (healthy);

|

Division into sets

l

Storage in HDF5
format

validation (10%) sets;

e train (80%), test (10%) and J

e 16 bitrange of MRIs
data preserved;

e further work with a
DL framework
facilitated.

Fig. 4. Data preparation workflow
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2.3. Training deep learning models

We used AlexNet and the ResNet-18 described in
the introduction as our deep learning network archi-
tectures. We trained those architectures with a dataset
of MRI data preprocessed according to the pipeline
presented in the previous section. During the training
phase, the network weights were updated by propa-
gating the error made by the network on the training
set. To monitor the error made by the network, we
computed the accuracy on the test dataset. The train-
ing requires millions of parameters to be optimized,
thus it is convenient to utilize novel computer archi-
tectures equipped with suitable accelerators, e.g.,
novel Graphical Processing Units (GPUs). A compu-
tational server with 4 NVIDIA M6000 GPUs with the
CUDA v7.5 and the cuDNN v5.1 libraries was used
for the purpose of this work. This configuration re-
sulted in training times of around 40 minutes in case
of the AlexNet and 7 hours in case of the ResNet-18.

On top of that, we used Caffe Berkeley deep
learning framework, which was optimized for variety
of hardware setups. One can find pre-trained deep
learning models for Caffe framework (such as Alex-
Net and ResNet architectures used in this paper) in the
Model-Zoo library. Although we used Caffe frame-
work, one can find a multitude of other DL frame-
works like TensorFlow, PyTorch or MXNet that can
also be used to train deep learning models. In paper
[1] a useful comparison of the DL frameworks was
presented.

We conducted several initial experiments to validate
the choice of training parameters. For example, during
the training of the AlexNet we obtained the best clas-
sification accuracy gain by adjusting the step size pa-
rameter. In general, small step sizes, e.g., 250, tend to
drive the optimization towards local minima, effec-
tively stopping the progress of learning. In our case,
increasing the step size to 2500 improved our classifi-
cation accuracy by more than 11%. Due to the lack of
progress in learning we stopped the training after
10 000 iteration in case of AlexNet and 120 000 itera-
tions in case of the ResNet-18. Higher number of
iterations needed to obtain optimal results for the
ResNet architecture are caused by more complex ar-
chitecture of this network.

2.4. Data classification

This stage is usually named the inference stage.
The input data is propagated through the trained

network and classified. Based on this results an accu-
racy of the model can be computed. For this purpose,
we used the validation set. Validation set contains
samples that haven’t been previously shown to the
model in neither training or testing process. That
means that if the validation set is classified correctly,
with high accuracy, then the learning process is suc-
cessful.

Additionally to the inference based on the valida-
tion set, within this work we also performed a classifi-
cation on subsets or full data sets again — to develop
and formulate conclusions regarding the possible
utilization of deep learning networks to the problem of
monitoring of the Achilles tendon healing process.
The reason for that approach was that we wanted to
train the models with as much data as possible, how-
ever, to perform inference on a subset of the data that
is suitable and most representing to the given case
study. Details on the used training and inference data
are given in the corresponding sections.

3. Results

In this section we presented results of a case study
that comprises of three tasks. Firstly, we performed
a binary classification. We used deep learning models
to distinguish between healthy and injured images of
the tendon and test several ensemble approaches to
improve inferencing strategy. Secondly, we assessed
the phase of the tendon healing with deeper analysis
of the outputs of the tested models. Finally, we pre-
sented a proof of concept of a method of pathologic
tissue localisation.

3.1. Automatic assessment
of healthy and injured patient classes

Classification with the AlexNet
and the ResNet-18 models

First, we evaluated our network on the task of bi-
nary classification. More precisely, we checked the
accuracy of the network obtained when classifying the
samples as healthy tendons or tendons after the
trauma. We trained AlexNet and ResNet-18 models to
classify slices in two groups: healthy and injured. Then
we validated the results with the use of the validation
set containing 10% of shuffled slices of all of the pa-
tients and all of the MRI protocols (Fig. 4). In Table 1
the results of our evaluation are presented.
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Table 1. Results of the binary classification

Table 2. Comparison of the tendon classification
with use of the neural networks ensembles

The total accuracy score of the ResNet-18 (B) was
only by 0.62% higher than the AlexNet (A) score.

Classification with an ensemble of the models

In our experiments we used softmax (Eq. (1.1)) as
a decision function. For the problem described above,
this setting resulted in close to certain predictions, i.e.,
the probability of a sample belonging to a given class
is close to one. However, analyzing the results from
the penultimate layer of our network, which we call
the network output in the remainder of this section, we
observe that the values changed in a more continuous
manner. For all of slices derived from all of the pa-
tients scans, an average value of the output for Alex-
Net and ResNet models was respectively —4.12 and
—3.45. Analogous results in the control group (healthy
patients) were respectively 6.68 and 3.13.

The Spearman correlation coefficient between
AlexNet output and ResNet output was equal to 0.79,
while Spearman correlation coefficient between
signs of the AlexNet and the ResNet outputs was
equal to 0.88. That means that both networks were
responding to the given input in the similar manner,
but in some cases a synergy of the models could be
more precise.

We, therefore, defined new decision functions
which take advantage of combining model outputs.
Firstly, we computed 2NetsSign = Signum(2Nets):

2Net52yj,
j=0

y; 1s a neuron output value on the last fully connected
layers of both used models. Furthermore, we trained an
SVM classifier based on a sigmoidal kernel [4] also on
both network outputs parameter space. Comparison of
the accuracy values is presented in Table 2.

Net AlexNet ResNet-18 — —
(A) B) Sensitivity Specificity Accuracy

Iter. nr. 10 000 120 000 2NetsSign 98.3% 97.0% 97.2%
True healthy (TN) 7787 7944 SVM 94.0% 98.6% 97.6%
True injured (TP) 7680 7623
False healthy (FN) 309 366 We obtained the highest values of two of the three
False injured (FP) 201 44 above presented parameters, i.e., Accuracy = 97.6%
Correct detections (TP + TN) 15 467 15 567 and Specificity = 98.6% for the ensemble with use of
Incorrect detections (FP + FN) 510 410 the SVM classifier. The highest Sensitivity = 98.3%
Set size 15977 15977 was for the 2NetsSign.
Sensitivity = TP/(TP + FN) 96.13% 95.41%
Specificity = TN/(TN + FP) 97.48% 99.45%
Accuracy = (TP + TN)/(Set Size) 96.81% 97.43% 3.2. Assessment of the phase

of the healing

After training the models with the binary labeled da-
taset, an information regarding features of the healthy
and injured tendons was present within the feature ex-
tractor part of the CNN. We could therefore further op-
timize this model to allow for a proper classification of
the healing stage given a MRI image as an input. We
anticipated that the healed tendons contained more
healthy features than the ones just before or just after the
tendon reconstruction. The MRI inputs taken chrono-
logically should lead to different outputs of the CNN
models, which allowed us to monitor the progress of the
healing process towards a healthy tendon. To validate
our assumptions, we computed the average value of
2Nets of two patients with 7 chronologically aligned
studies in long-term recovery (6558 MRI slices in total).
We chose to analyse PD protocol, as it is one of the
4 equally good protocols in terms of binary classification
results presented by us in a separate study in [7]. Figu-
re 5 shows the resulting average curve of this analysis.

Kruskal-Wallis one-way analysis of variance test
show very high significance: p < 0,001***, H (df = 6,
N = 6558) = 865. This means that value of the vari-
able 2Nets depends on the time after injury. The cor-
relation between the mean values of the sequence
number of an examination in the sequence of exami-
nations performed during the healing process and the
2Nets variable obtained from this MRI test was 0.91.

3.3. Pathologic tissue localisation

The localisation of the pathologic tissue can be
done by simple extrapolation of the method presented
for assessing current healing phase. Instead of com-
puting the average of the CNN outputs for a particular
3D MRI study, one can plot the CNN outputs sepa-
rately for each of the slices. The slices that contain
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Fig. 6. Classification of the slices in the area of the rupture in two different phases of the therapy of the 2 patients

more features of the injured tendon should differ in
output values from the ones that are similar to the
healthy tendon. Again, to validate this assumption, for
the same two patients studies presented in the previ-
ous section, we computed H defined as the output
value of the healthy class given by the ResNet model
(slightly better in terms of accuracy than the AlexNet).
Figure 6 shows the slices in the area of the rupture in
two different phases of the therapy of the 2 patients.

Blue curve represents slices score H just after the
surgery, while the red curve indicates the score after
1-2 months of the rehabilitation. X-axis represents the
slices number.

We performed Mann—Whitney U-test independent-
ly for each of the 2 patients and verified whether the
change of measure H was statistically significant. The

obtained p-values were: 0.000132 ***(0.000004 ****
which proved the importance. Some of the mistakes
can be also seen (e.g., slice 12 — Patient 2) where the
output value did not follow the trend.

4. Discussion

We can state that both models (AlexNet and
ResNet-18) perform equally well on a given task of
the binary classification. However classification the
ResNet-18 results in 152 more true healthy detec-
tions and 57 less true injured detections than the
AlexNet. This fact indicates a possible chance of
improvement with the use of an ensemble of the
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models. Thus, we defined new decision functions
and showed that the 2NetsSign is an interesting
method for distinguishing healthy slices of the ten-
don and for other applications SVM-based model
ensemble provides the best results.

As an alternative or complementary method we
can further use the fact that within slices labeled as
injured, the appearance of a healthy tissue is possible
when 3D MRI scan contains images of the tissue lo-
cated far away from the rupture. The occurrence of
false negative detections can be minimized based on
a 3D analysis of the position of slices, e.g., slices lo-
cated on the edges can be excluded from the study or
introduced with weights or fuzzy class logic.

We showed that with the use of the models en-
semble we can improve the binary classification
parameters, however it is still not possible to assess
the progress of the healing process. For this task, as
it was pointed out, a deeper analysis of the continu-
ous outputs of the fully connected layers was done.
We introduced 2Nets measure and showed that its
value increases with subsequent examinations. The
first period after the operation is the inflammation
phase and during this time there is a significant
increase of the measure. In the middle stage, the
healing phase linked to tendon structuralization is
chaotic thus we cannot observe any significant in-
crease in the measure. Lastly, during the remodel-
ing phase tendons are structurized and the measure
again increase (Fig. 5).

In the last case study we applied the above de-
scribed healing process assessment separately for each
of the slices and showed a marked coincidence be-
tween localizations of the local minima and maxima
of the CNN outputs for the two examinations at dif-
ferent phases of healing. This observation suggests
that there is a correlation between the response of the
CNN and the local status of the healing.

All of the results can be use to improve and en-
hance utilization of our method presented in [8]. Es-
pecially in terms of interpreting the neural network
output for purpose of assessment of the healing phase
and pathological tissue localisation. Furthermore the
previous work showed binary classification of 99%
achieved with a training set of approx. 500 000 cases.
In this paper we achieved the same accuracy with the
use of only ~160 000 cases. We can utilize this fact to
further tune our solution and — what is even more
important — to apply the ensemble technique to new
(similar) scenarios like ACL healing monitoring, even
with insufficient training data availability.

Finally, although there are existing quantitative
descriptions of Achilles tendon rehabilitation after total

rupture like: ATRS [9], VISA-A [15] or FAOS [16].
There are only suitable for measuring the general out-
come, related to symptoms and physical activity of
patients. There is no structurized description that could
be applied to MRI studies of the Achilles tendon.
Based on the presented studies we plan to formulate it
in the future work and use a synergy of MRI and deep
learning to detect side-to-side differences in tendon
structure in individuals as well as tendon structure
related to clinical performance.

5. Conclusions

A multitude of deep learning (DL) algorithms have
been proposed recently, many of them proved suc-
cessful when applied to medical images. In the paper
we hypothesize in what areas Convolutional Neural
Networks (CNNs) — a subset of DL — can support
treatment of tendon as well as, due to structural simi-
larity, ligaments. More precisely, we analysed two well
known CNN topologies (AlexNet and ResNet-18) to
validate their usefulness to the problem of Achilles
tendon healing assessment, monitored after rupture,
one of the most common injuries in sport.

First, we tested the accuracy of the two CNNs in
order to distinguish healthy tendons from injured
ones. Both topologies performed equally well in the
task resulting in accuracy of approximately 97%. We
also showed that this result can be further slightly
improved with ensemble of the models. We hypothe-
size that this method can be used in practice, e.g., to
objectively compare the treatment duration and im-
pact. It also can be utilized to improve inferencing
results of our existing method or applied as a core of
similar solutions, when proper amount of data is un-
available.

Secondly, we analyzed the possibility of develop-
ing the tendon healing score formulated based on out-
puts of intermediate CNN layers. We obtained a sig-
nificant functional correlation that suggests a possible
continuous valued estimations in a form of healing
curves. Further we also hypothesize that physicians
can use this information to perform precise, patient-
specific assessment of the healing phase and invoke
particular procedures at the appropriate time.

Finally, we presented a method for pathologic tissue
localization. This time we developed healing scores for
individual slices. The presented results showed signifi-
cant correlation between localization of the local mini-
mas and maximas. In practice, those healing scores
can be used to objectively differentiate tissue state and
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to point out proper place of healing stimuli imple-
mentation, e.g., stem cells.

We can conclude that deep learning methods can
support the problem of quantitative tendons and liga-
ments healing assessment in multiple manner. For future
work, a strict cooperation with the medical professionals
is planned to validate this hypothesis and formulate
a structurized description that could be applied to MRI
studies of the Achilles tendon.
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