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Deep Learning Augmented Osteoarthritis
Grading Standardization
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Manual grading of cartilage histology images for investigatingithe extent and severity of osteoarthritis (OA)
involves critical examination of the cell characteristics, s.which makes this task tiresome, tedious, and error
prone. This results in wide interobserver variation, causing ambiguities in OA grade prediction. Such drawbacks
of manual assessment can be overcome by implementing artificial intelligence—based automated image clas-
sification techniques such as deep learning (DL). Hefice, we present the feasibility of training a deep neural
network with cartilage histology images, which can grade the extent and severity of knee OA based on modified
Mankin scoring system. The grading system used here for automating OA grading was simplified and modified
based on the microscopic observations from theshistology images, where three parameters (Safranin-O staining
intensity, chondrocyte distribution and arrangement, and morphology) were considered for evaluating the OA
progression. The histology images were tiled, labeled, and grouped together based on the developed grading
system (Grade 0-3). Four different DI architectures were tried for image classification and the best performing
model was selected by fivefold validationymethod. With a validation accuracy of ~ 84%, 0.632 Cohen’s kappa
score, and an excellent receiver operating characteristic (ROC)—area under the ROC curve ranging between
0.89 and 0.99, DenseNet121 was seleeted among the four models as the best performing model, and was used
for inferencing on new data. Final “grades obtained from the models were in accordance with the grades
provided by the medical experts."We hereby demonstrate that a DL architecture can be taught to interpret the
degree of cartilage degradation, with excellent discriminatory ability across all four classes of OA severity.
Unlike other works where.radiographic images have been considered for grading of OA, we have considered
histology images, which is a fundamental approach for grading OA extent and severity. This would bring a
paradigm shift in histology<based assessment of OA, making this automated approach to be explored as an
option for OA grading standardization. Ethical approval number-IAH-BMR-018/10-19.

Keywords: osteoarthritis, cartilage histopathology, OA grading, OA severity, deep learning, image classifi-
cation, grading standardization
Impact Statement

1. Feasibility of training a deep neural network with human knee osteoarthritic histology images to grade the extent and
severity of osteoarthritis (OA) has not been reported yet anywhere to the best of our knowledge.
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’Department of Orthopaedics, Indraprastha Apollo Hospital, New Delhi, India.
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2. Among the four deep learning models tried ResNet50, DenseNet121, VGG16, and InceptionV3, DenseNet121 was
found to be the best performing model with a validation accuracy of ~84%, and the grades presented were in
accordance with the grades given by medical experts (pathologists and orthopedic surgeons).

3. This work would be of great interest to the researchers who work on distinguishing the subsets of OA, defining the end points
for clinical trials, evaluation of characteristic features and disease markers of OA, and evaluation of animal OA models.

4. Such automated grading systems help in transforming the tiresome and error-prone grading process to swift, precise,
and unbiased grading, thereby reducing the demand for pathologists with years of experience

Introduction

STEOARTHRITIS (OA), BROUGHT ON by mechanical

wear and tear of the articular cartilage is a common
degenerative joint disease with a global incidence of ~203
per 10,000 person-years.' Being an age-dependent and
slowly progressive disease, it results in decreased mobility
owing to joint pain causing chronic disability.? Cartilage has
limited self-repairing capacity.” Even when the cartilage
starts to regenerate, further hypertrophic differentiation of-
fers a major problem to develop phenotypically stable car-
tilage.*® Several research groups have investigated the
conditions of chondrogenesis and hypertrophy for develop-
ing an understanding about the cartilage microenviron-
ment,””” but identification of hypertrophy in OA cartilage
biopsies is still debatable. Studies also reveal that the cor-
relation between symptoms and observable radiographic
changes at different stages of the disease has not been
properly understood yet.'” Thus with a high global pre-
valence, OA necessitates the investigation of its con-
tingency, risk factors, and preventive strategies much, in
great detail.

One of the major challenges associated with OA is that
the disease cannot be diagnosed at early stages, because it
cannot be apparently seen clinically. Only at’the, pro-
gressed states, it can be diagnosed with pronounced alter-
ations in the joint that can lead to chronicypain, functional
restrictions in the affected joints, and semenother radio-
graphically detectable changes. Assessment,of OA in-
volves physical examination, radiographs, and MRI
(including few other new T2 and TI“eontrast-enhanced
image techniques like dGEMRIC),*!2, which provides
only a semiquantitative diagnosis of/the extent and severity
of the disease. Patients with early stages of OA might not
necessarily manifest any evident radiographic changes,
whereas patients with observable radiographic changes
might not exhibit any’severe symptoms. This makes these
methods unbefitting/for determining the degree of cartilage
destruction. The most common way of extracting infor-
mation about the existing state, features, and characteris-
tics of cartilage is by histopathology.'?

Histological image analysis offers the advantage of pro-
viding detailed information on the entire tissue section,
where the cell characteristics like cell morphology, cell
density, distribution, and so on, can be investigated in detail.
Although histological images provide enough information
for detecting the extent of the disease progression, the
success of detection and diagnosis relies entirely on the
pathologist who grades those images. The primary issue
with such a method of manual OA grading is that there is no
universal or standardized method available yet for the pa-
thologists to follow, which is why there is a huge variation

in the grades given for a single case by different pathologists
around the world, although the grading system used for
diagnosis is the same.

As far as manual grading of @A.is.concerned, it is an error-
prone and cumbersome processylt always has the drawbacks
of having bias, poor interuser agreement, poor reproducibility,
and reliability, despitesdemanding highly experienced and
qualified pathologists.'* Thesé common manual histopatho-
logic assessment methods/ fail to detect the early or mild
phases of the disease, as"it is highly subjective. Hence in this
study, an attemptihas been made to automate the grading of
OA by developing a deep learning (DL) model that would
outperform the, manual grading system in terms of faster
readouts, £Coring bias, reliability, and reproducibility.'®> This
model is also expected to replace the manual grading system,
thereby eliminating the vast interuser variation in determining
the,grade of cartilage degradation.

Being a subset of artificial intelligence (AI), DL has
proved to be a much better and popular tool for biomedical
image analysis.'®'® It can find patterns in data or fit pre-
dictive models to it, and is notably helpful for automating
the analysis of data that is too massive or complicated for
human analysis in a time-efficient and repeatable man-
ner.'”?° To surmount these mentioned drawbacks of manual
grading, a DL-assisted automated grading model has been
developed, that grades the human cartilage specimens based
on the severity and extent of the disease progression. This
would potentially reduce the scoring bias, and improve the
reliability, reproducibility and interuser agreement regard-
ing the grades presented. To the best of our knowledge, this
is the first work that reports the automation of OA grading of
human cartilage samples, which would thereupon act as a
gold standard for histology-based OA grading.

Materials and Methods
Workflow

DL-based supervised image classification for OA grading
requires data collection, sorting, labeling, training, and vali-
dation. Figure 1 provides the workflow for automating the
grading of human OA samples by a DL model. The image
dataset was obtained from human healthy cartilage (HC) and
osteoarthritic cartilage (OAC) samples collected from In-
draprastha Apollo hospital (New Delhi), following proper and
essential approval. All these samples were stained with
Safranin-O and hematoxylin and eosin (H&E) and these stained
samples were then taken for imaging. Detailed information on
sample collection and ethical approval, and histological anal-
ysis has been provided in Sections 1 and 2 in Supplementary
Data, respectively. For improving the heterogeneity of the data
set, images of the stained slides were captured by two different
microscopes (as mentioned in Supplementary Section 2).
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FIG. 1.

Flowchart depicting how the training and testing of a supervised deepdearning model works for our dataset. Tiling

of the whole histological image results in a 300x 300 px tile, which undergoes\sorting and grading based on the different
parameters selected. The tiles are graded by an experienced user (user J)mand 80% of those tiles are fed as the training
dataset to the image classification models with the user 1 grade labels. The/rest 20% of tiles are graded by both user 1 and
user 2, and this forms the test dataset. After validation, the best perforrhingsmodel is selected based on validation accuracy,
ROC-AUC score, and Cohen’s kappa score. Finally, the model decision and its performance are visualized by generating
class activation maps. AOC, area under the ROC curve; ROC, receiver operating characteristic.

All the TIFF images were considered as different layers of
a single image for stitching and blending them together by
Adobe photoshop (2022, Version 23.5.1) under photomerge
option and further cropped into 300 300 pixel dimensioned
images called tiles. These tiles then undergo sorting, where
they are manually selected or discarded based on the infor-
mation that a tile possesses (which includes the presence of
chondrocytes, any fissures, background or artifacts; ete.). If
the entire tile is covered with the tissue section/ it iS,selected.
Similarly, any tile displaying only the slide background or
incomplete image, or any kind of histological,artifact in-
cluding folded, damaged, and torn tissues with dark spots in
between was considered faulty and thus, was/discarded.

The dimension of the tiles (300 300=pixels) was deter-
mined based on the locality of OA pathology. Chondrocyte
size was a crucial factor in determining the tile dimension. As
can be seen from Supplementary Figure S1, four different
types of chondrocytes weré “‘observed in the Safranin-O-
stained cartilage tissue$ections. They were categorized based
on their size. The chondrecytes size ranged from 12 to 87 um
when they were checked for its size using ImageJ. Given the
case, 300x 300 pixels was'found to be most suitable tile di-
mension where different stages of chondrocyte hypertrophy
could be visualized. The selected tiles were graded by an
experienced user (by the grading methodology mentioned in
Grading Methodology section).

Once labeled, these tiles were used for training the model.
A ratio of 80:20 was used for splitting the images for training:
testing, while ensuring that there is a reasonable distribution
of images from each group for the model to predict decent
enough. Various DL models were tried, and the best per-
forming model with an acceptable or significantly high ac-
curacy was selected, which would be further used for
inferencing on new data for testing.

Grading methodology

Three simple scoring parameters were considered for
grading here, which includes—staining intensity, cell dis-
tribution and arrangement, and cell morphology. In this
modified and simplified scoring system (Readers are di-
rected to refer the Section 3 in Supplementary Data for
understanding the need and considerations for developing a
modified scoring system), each parameter was considered
for a scale of 0-3 (Table 1), and the sum of all these three
parameters would result in a scoring system that ranges
between 0 and 9. Each tile would receive a score between 0

TABLE 1. SCORING CATEGORIES BASED ON STAINING
INTENSITY, CELL DISTRIBUTION AND ARRANGEMENT,
AND CELL MORPHOLOGY

Scoring
parameters Score Definition
Staining intensity 0  Dark staining
1 Decent even staining
2 Uneven and weak traces
of staining
3 Almost unstained
Cell distribution 0  Cells spaced individually
and arrangement 1 Two cells starting to cluster
2 Three or more cells clustering
together
3 Multicellular chondrocyte
clusters

Cell morphology 0 Healthy flat/round cells

1 Mixed spindle and round cells

2 Condensed, necrotic/pyknotic
cells

3 Hypertrophic cells
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TABLE 2. GRADE AND SCORE CATEGORY RELATION
FOR ASSESSING THE SEVERITY OF OSTEOARTHRITIS

Grade Score category Description

0 0 Satisfactory joint function
1 1-3 Mild to moderate OA

2 4-6 Moderate to severe OA

3 7-9 Severe OA

OA, osteoarthritis.

and 9, which can be further grouped into a subcategory to
indicate the grade. This 0-9 scale score can be divided into
four grades, indicating the severity of the disease (Table 2).

It is to be noted that higher the grade, higher is the se-
verity of OA progression (i.e., the biomechanical properties
of the cartilage deteriorate with increasing grades). ‘0"
being the lowest grade indicates that the cartilage is healthy,
and ““4” being the highest grade indicates that the cartilage
is highly osteoarthritic. Figures 2 and 3 show the repre-
sentative images for each of the individual parameters se-
lected for grading, and each score under our four-class
grading system, respectively.

Dataset preparation

The 300300 pixel tiles were split into 80% and 20% as
training and validation datasets, respectively. The 80:20
split for training and testing was carried out keeping i
account the images coming from the same patient. It
made sure that tiles from patients in the training categ
were not present in the testing category as this would have
led to data leakage. Care was taken while grouping tiles
for training and testing from individual patients to=p
such target leakage, and in turn the overfitting @ ai
information on the sample dataset taken for mode
and testing has been given in Supplementary
number of tiles taken into consideration: (after

mentation) from each of the four classe
given by user 1 has been outlined.

data aug-
the labels
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Since the number of images obtained from microscopy
was still less for a DL convolutional neural network to train
on, data augmentation was carried out to considerably in-
crease the training dataset size. Various techniques were
used for data augmentation including flipping the images,
rotating them by 90° and 180°, and blurring them using
Gaussian spread. This helped in increasing the variability of
the training dataset size by 400%. This expansion of the
dataset acts as a regularizer and helped to reduce the over-
fitting by making the set of possible datapoints more com-
prehensive.?!

DL model development

State-of-the-art convolut al networks were used
as the base networks for transfe ning. These networks were
pretrained to classify images into thousand object categories.

The fully connected Iigg ification layers of each pretrained

model selected we ped to predict the four different
More specifically, ResNet50,%* DenseNet121,” VGG16,** and

classes of cartilage t1on (Grade 0-3) in our dataset.

Inception V3% the four different models used.

Python vers ython 3.7.14 and the DL framework,
TensorFl 12, were used to train and test the models.
Othe‘P ibraries used were os, time, Matplotlib, the
Pytho g Library (PIL), NumPy, and Scikit-learn.

of Google colab having Intel(R) Xeon(R) CPU
Hz with system memory of 12 GB and Tesla T4
f 16 GB memory was used.

Model training

Using Sci-kit learn package’s GridSearchCV module,
multiple models with different hyper-parameters, such as
optimizer, learning rate, rho value, beta_1, and beta_2, were
trained. The optimum value for each of these was found as
follows.

1. Root Mean Squared Propagation (RMSProp) with a
learning rate of 0.001 and a rho value of 0.9.

2. Adam optimizer with learning rate=0.001, beta_1 =
0.9, and beta_2=0.999.

Scoring

Score

parameter

FIG. 2. Represent: O

ages for each of the in id—
ual parameters selec
grading. (Refer Table 2 T
description regarding the
histological scores given for
all the three individual pa-
rameters on a scale of 0-3.
Note that a score of 0 indi-
cates healthy condition and
with increasing scores 1, 2,
and 3, the condition wors-
ens).

Staining intensity

Cell distribution &
arrangement

Cell morphology
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Individual
score for the
parameters

Grade Score Representative tile

0+0+0

1 0+0+1

1+140

3 1+2+0

4 2+0+2

3+0+2 »

6 242+2

7 1+3+43

3+2+3

9 3+3+3

FIG. 3. Representative images for each score under our
four-class grading system. The tiles were graded based on
the three parameter-staining intensity=(0-3), cell distribution
and assembly (0-3), and cell morphelogy (0-3). Sum of the
scores from all these three parameters gives the overall score
on a scale of 0-9. The tiles here are grouped based on the
final grades (0-3). For instanceyl +2 + 0 indicates that the
tile has received a score of A forstaining intensity, 2 for cell
distribution and arrangement, and O cell morphology. The
overall score therefore becomes 3, and it gets covered under
grade 1 (Mild to moderate OA). OA, osteoarthritis.

In conjunction with these optimizers, the Categorical
Cross-Entropy loss function was used because there are
multiple categories for the model to predict. The training was
carried out with different batch size values, the values € {32,
64, 128} were tried in particular. Among the 50 epochs, the
hyper-parameters at the particular epoch at which the model
achieved the best validation accuracy was saved and used.

Statistical analysis

Various statistical measures were used to determine the
performances of different models created. Fivefold valida-

tion?® was used to determine the best performing model,
with all the statistical analyses being performed in python.
For assessing the four-class classification of the final grades,
that is, Class 0, 1-3, 4-6, and 7-9 (Grade 0, 1, 2, and 3,
respectively), a linear-weighted kappa statistic was used.
Cohen’s kappa with linear weights has been used to assess
the performance of the image classification model, by
evaluating the agreement between two users. Scikit-learn
library in python”’ has been used for all the statistics and
calculations, including kappa statistics,”® confusion matri-
ces,”? receiver operating characteristic (ROC),*° precision—
recall curves,’! and the area under those curves (AUC).

Model decision visualization

Gradient-weighted Classm Activation Mapping (Grad-
CAM) has been used to visualize'the predictions made by our
models. A single image can have multiple possible concepts
that can pose difficulties in prediction and in that case, Grad-
CAM can give better quality visual explanations without any
demand for retraining or architectural changes.*> Weights
from the final convelution layer of our DL models were used
to create a rough,map of the regions that the model detected
as important,for-decision making. This map was then su-
perimposed son' the original input image for easier under-
standingyof ‘the important regions that the model considers
before ‘classification. Code adapted from keras DL. Applica-
tion Programming Interface written in python, 2017 (https://
Keras.io/examples/vision/grad_cam/) has been used here for
generating the class activation heat map for the image clas-
sification model.

Calculation of overall score and the final grade

Once the model has been trained based on the labels gi-
ven, it will present the score for the new test data on testing.
We get the overall score by taking average of the scores
given by the model for all the tiles taken from a single
patient sample. For obtaining the grade from the overall
score to a reasonably accurate value, the decimal valued
overall score is approximated to a whole numbered grade.
Figure 4 provides an overall idea of how several sample tiles
from a single patient were graded by the model, averaged
out, and approximated to get the overall grade of OA se-
verity. It is to be noted here that the 80:20 splitting ratio for
training:testing was carried out at the level of patients. More
specifically, 80% of the patients were kept in the training
category, whereas 20% of them were kept in the testing
category. Now that the grades are given by the model, it
needs to be checked for its reliability and reproducibility for
proving that these DL models can be considered as a po-
tential alternative to the manual grading systems.

Results
DL model comparison

Four different models, namely ResNet50, DenseNet121,
VGG16, and InceptionV3 were trained and tested for their
performances. It is to be noted that with the various models
trained and tested, all the layers of pretrained models were
frozen in all the experiments. Table 3 details the various
metrics such as the accuracy, ROC-AUC Score, and Cohen-
kappa score achieved by all the four models ResNet50,
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FIG. 4. An example showing how individual tiles from a whole histological image are graded to present the final grade of
OA severity. In this case, 20 tiles from different parts of the specimen image obtained from a single patient is taken into
consideration. Grades of the individual tiles have been averaged out to obtain the overall grade, which in turn indicates the

extent of OA severity.

DenseNet121, VGG16, and InceptionV3. The models were
trained for 50 epochs, and saved once the training was
complete for future inferencing.

Cochran’s Q test® has been used to compare the multiple
classifiers quantitatively. It is a statistical method that aims
to determine whether there are significant differences in the
classification accuracies of the four different models. The
test is conducted with a predetermined significance level;
denoted as “‘a,,”” which is set to 0.1 in this case. This méans
that we are willing to accept a 10% chance of makingva
Type I error (incorrectly rejecting the null hypothesis.when
it’s true). After conducting Cochran’s Q test, the obtained
p-value is 0.099. The p-value represents the probabilitysof
observing the results (differences in classification accura-
cies) by chance alone. When the p-value,issless than the
chosen significance level “o,” it suggests,that the results are
unlikely to have occurred randomly.

In our case, the fact that the p-value (0.099) is slightly
smaller than the significance level (0.1) indicates that there is a
<10% chance of obtaining the observed.differences in classi-
fication accuracies by random chance: Consequently, we reject
the null hypothesis. Rejecting the null'hypothesis implies that
there is a statistically significant difference between the clas-
sification accuracies of the_ four ‘models we tested. In other
words, we have evidenge to conclude that these models are not
equally effective inheir, classification tasks, and there are
meaningful distinctionsdn their performance.

TABLE 3. METRICS OF VARIOUS MODELS USED
FOR GRADING

Epochs to
Best attain the
validation best Cohen-
accuracy, validation  Training  kappa
Model % accuracy time score
DenseNet121 84 22 09min 55s 0.623
ResNet50 81 45 12min 00s 0.668
VGG16 76 33 15min 20s  0.586
InceptionV3 67 34 09min 20s  0.430

Pretrained, DenseNet121 model with ImageNet weights
and our custom classification layers yielded a validation
accuracy 0f'84% (which is the highest among all the models
tried), with “a validation loss of 0.5615. The model also
achieved a Cohen kappa score of 0.623 with linear weights.
It can*be considered the best performing model since the
number of epochs it took to achieve the best validation
accuracy is only 22, with a training time of 9min 55s.
Hence, DenseNetl21 was chosen for analyzing and in-
ferencing on new data. ResNet50, on the contrary, also
achieved a validation accuracy of 81% with a Cohen-kappa
score of 0.668, which shows that both DenseNetl121 and
ResNet50 can be regarded as competent among all the four
models tried for achieving our objective. Figure 5 presents
the training and testing logs (Accuracy and loss [vs.] number
of epochs plot) for the four models tried.

Cohen’s kappa statistics

Cohen’s kappa gives the percent agreement between two
raters for a two-user system. It can be seen from Table 3 that
our Cohen’s kappa result ranges from 0.430 to 0.668 for all
four models tried. Among the different models tried, the
highest kappa score obtained was from ResNet50, which is
~0.668. The corresponding kappa score for our best per-
forming model DenseNetl21 is 0.623, which suggests that
there is substantial agreement (Refer Supplementary Section
6.1) between the grades given by user 1 and the model. So,
this gives an idea that our best-fit model Densenetl121 is
performing decent enough to predict the labels to an ac-
ceptable level given by user 1. Figure 6A provides the linear
weighted kappa statistic for our best performing model
DenseNet121, to show the agreement between user 1, user 2,
and the model.

Normalized confusion matrices

For defining the performance of a classification algo-
rithm, confusion matrices are used. Confusion matrices are
tables that visualize and summarize the performance of a
classification algorithm by quantifying the classification



TEA-2023-0206-ver9-Nagarajan_2P-new.3d

12/12/23

AUTOMATED GRADING OF OSTEOARTHRITIS USING DEEP LEARNING

1:117am Page 7

DenseNet121 ResNet50

VGG16 InceptionV3
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Accuracy plot
Accuracy

No. of epochs No. of epochs

Accuracy

Accuracy

No. of epochs No. of epochs

Loss

Loss plot

No. of epochs

No. of epochs

Loss
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FIG. 5. Accuracy and loss plots (for training and testing) obtained for all the four models DenseNet121, ResNet50,
VGG16, and InceptionV3. It is to be noted here that the orange curves represent the training logs and the blue curves
represent the testing logs. All the models are trained for 50 epochs and the number of epochs to achieve the best validation
accuracy with training time has already been reported in Table 3.

overlap.?® The normalized confusion matrix was generated
using predictions made by the corresponding models
(Fig. 6). Figure 6B and C provides the matrices constructed
between the two users, and for each user versus the model
predictions, respectively. An ideal model would have non-
zero values only on the diagonal and it can be seen from(the
matrix that our top two best performing models ResNet50
and DenseNet121 perform well to a great extent.

ROC curves

The ROC being a probability curve basically indicates the
performance for classification issues at different threshold
level§. Multiclass ROC curves® plotted between the users
and the four different models (Fig. 7). AUC provided in
Table 4 was considered for analyzing the discrimination
capacity and the accuracy of the diagnosis.
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FIG. 6. Analysis of interuser agreement and reliability of the model prediction by linear weighted kappa statistic and
confusion matrices. (A) Linear-weighted kappa statistic for the best performing model DenseNetl21 indicating the
agreement between user 1, user 2, and the model. (B) Normalized confusion matrix indicating the label predictions by user 1
and user 2. (C) Normalized confusion matrix between the model and both the users for the top two best performing models
DenseNet121 and ResNet50, respectively (True label indicates the label given by the user, whereas the predicted label is the

label given by the model).



TEA-2023-0206-ver9-Nagarajan_2P-new.3d 12/12/23 1:11am Page 8

Model (vs) User 1 Model (vs) User 2
Multiclass ROC curve (Densenet vs userl) Multiclass ROC curve (Densenet vs user2)
e s S e 107 R e S - R

---------------

08 1

(=]
o

=== Class0

DenseNet121
Fue Positive rate

d e m————

021 —== Class 1 021
=== Class 2
00 1 Class 3 00 1
00 02 04 06 08 10 00
False Positive Rate
Multiclass ROC curve (Resnet vs userl)
10 e i e oy o e e o e
|} """ e
08 _é. e
!

o
o

Vo gy
o

ResNet50
Fue Positive rate

i ~== Class 0
02 i === Class 1
i === Class 2
a0 i Class 3
00 02 02 04 06 08 10
False Positive Rate
Multiclass ROC curve (VGG vs user2)
10 e e ——— 3
I e . e~ anail
] L
08 Ii.:.---..r- --'""'Er“'“
)
. an i
(Y= 06 - S
i (!
o !
o 04 A
> | i
=== Class 0
=== Class 1
=== Class 2
Class 3
02 04 06 08 10

False Positive Rate

Multiclass ROC curve (Inception vs user2)

101 --- Class0 e S D
=== Class1 | — ¥ e
og | === Cass2 e Pof
o
' Class3 __,~' i
@ ¥ 4 1
- % 06 o i i
= i gy —— J
' 1 e
a 04 | ! o
O 'E ' [
(5] P! J
c y 4 H
— 024 | 'F ----- o
[ |
o
o0{ *
00 02 04 06 08 10 00 02 04 06 08 10
False Positive Rate False Positive Rate
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[vs.] user 2) for all four different grades of OA severity, represented by multiclass ROC curves obtained from the four
different models DenseNet121, ResNet50, VGG16 and InceptionV3.

8



TEA-2023-0206-ver9-Nagarajan_2P-new.3d

12/12/23

1:117am Page 9

AUTOMATED GRADING OF OSTEOARTHRITIS USING DEEP LEARNING

TABLE 4. RECEIVER OPERATING CHARACTERISTIC-AREA UNDER THE RECEIVER OPERATING CHARACTERISTIC

CURVE VALUES FOR THE Tor Two BEST PERFORMING MODELS WITH 95% CONFIDENCE INTERVAL

DenseNetl21

Model vs. user 1

Model vs. user 2

Model vs. user 1

Model vs. user 2

Grade 0 0.94 (0.81-1.00) 0.91 (0.75-1.00)
Grade 1 0.89 (0.81-0.97) 0.87 (0.77-0.96)
Grade 2 0.93 (0.84-1.00) 0.81 (0.67-0.93)
Grade 3 0.99 (0.96-1.00) 0.97 (0.90-1.00)

0.83 (0.60-1.00)
0.85 (0.73-0.96)
0.89 (0.79-0.98)
0.95 (0.84-1.00)

0.84 (0.61-1.00)
0.85 (0.73-0.95)
0.77 (0.64—0.89)
0.94 (0.82-1.00)

34,35 chon-

Our AUC data show that DenseNet121 has an outstanding
and excellent discriminatory ability with reference to the
labels given by user 1 and user 2, respectively (refer Sup-
plementary Section 6.2). These can be regarded as good
scores, which evinces that our model can substantially dif-
ferentiate across the four different grades of cartilage deg-
radation in our OA samples.

Precision—recall curves

The tradeoff between precision and recall for various
thresholds is depicted by the precision—recall curve.®' High
precision is correlated with a low false-positive rate,
whereas big recall is correlated with a low false-negative
rate. A high AUC denotes both high recall and high preci-
sion, indicating a better model. For all four models Re-
sNet50, DenseNet121, VGG16, and InceptionV3, multiclass
precision—recall curves have been plotted between both the
users and the model (Fig. 8).

The AUC for precision—recall curves is given in Table's
for the top two best performing models. From the curyes, it
can be seen that ResNet50 and DenseNetl21 have, per-
formed well in terms of getting low false-positive andyfalse-
negative rates for almost all the four classes, and the model
(vs.) user 1 curves appear to be having better precision and
recall than the model (vs.) user 2 curves.

Grad-CAM visualization

Grad-CAM visualization was investigated to know the
critical regions for grade prediction/by the model. Con-
sidering DenseNet121 as the best petforming model, Grad-
CAM visualization was run using keras. The grade labels
given by user 1, user 2, and the'model, along with the class
activated map that the model considers for grade prediction
(Fig. 9). It is important to note the parts of every image that
was considered important for decision making by the model.
Because the final gradetis averaged out from different tiles
of a single patient, the grades can be regarded reliable. This
class activated map is also useful for investigating the dis-
agreement between the users and the model as a result of
incorrect model prediction. Different cases of disagreement
from all three ends (user 1, user 2 and model) have also been
presented for the reader’s reference.

Discussion

In this study, an attempt has been made to investigate the
feasibility of automating the grading of human OA cartilage
histology sections using DL. Although DL has already been
used for classifying, analyzing, and grading several bio-

medical images including that ‘of the tumor,
drogenesis of a tissue engingered.cartilage,'® and OA with
microconi{)uted tomography>*%and other radiographic tech-
niques,®’™** automated grading, of human OA histological
images has not been reported yet. A DL model that grades
the severity and extent of \OA, based on three simple pa-
rameters (staining intensity, cell distribution and arrange-
ment, and cell morphology) has been reported for the first
time. Transfer 18arning® technique was used on several
pretrained staté=of-the-art convolutional neural networks
along with new, trainable fully connected linear classifica-
tion layers to achieve our objective.

Several ‘studies have demonstrated the implementation of
machifie Tearning in diagnosis and prognosis of OA. Previous
machinelearning—oriented research works on X-ray and MRI-
based localization (detection and segmentation) of knee joints,
classification and prediction of OA severity, and progression
have'considered several radiological OA features such as joint
space narrowing (JSN), formation of osteophyte, cyst, or ge-
ode, coronal tibiofemoral subluxation, and subchondral scle-
rosis.**™*’ Although all these works on OA classification focus
on extracting meaningful, relevant, and informative features
from the radiographs, chances of misinterpretation in its clas-
sification with knee X-ray data are pretty high, as geometric
distortions can be found in the cartilage region.*®>! Majority of
these studies have developed algorithms to read the images
based on the Kellgren and Lawrence grading system that ex-
amines the formation of osteoghytes, JSN, subchondral scle-
rosis, and bone end deformity. 2

Nevertheless, drawbacks such as reliability issues in de-
tecting lateral compartment OA changes, inter- and in-
traobserver reliability issues, and overemphasizing of
osteophytes significance than JSN make it an objectionable
choice for grading the severity and progression of OA.>?
This is where our work stands novel where histology images
of human cartilage samples were considered, which is an
absolute fundamental technique and gold standard practice
to characterize human knee OA. This comprehensive auto-
mated technique of OA grading would be significantly
beneficial as an assistive research tool in distinguishing and
evaluating the characteristic features of OA and its subsets.
The grades presented by our best performing model Den-
seNet121 have been validated by first and second medical
experts. The collective grades obtained from the histological
tiles were found to be in accordance with the opinion pro-
vided by pathologists and orthopedic surgeons.

Heterogeneity within the full sample volume of a human OA
sample makes it difficult to choose the complete parameters for
grading using Osteoarthritis Research Society International or
Mankin scoring systems. Hence, the parameters for grading
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FIG. 8. Precision and recall plotted between the users and the model (i.e., model [vs.] user 1, and model [vs.] user 2) for
all four different grades of OA severity, represented by multiclass precision recall curves obtained from the four different
models DenseNet121, ResNet50, VGG16, and InceptionV3.
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TABLE 5. PRECISION-RECALL AREA UNDER THE RECEIVER OPERATING CHARACTERISTIC CURVE VALUES
FOR THE ToP Two BEST PERFORMING MODELS WITH 95% CONFIDENCE INTERVAL

DenseNetl21 ResNet50

Model vs. user 1 Model vs. user 2 Model vs. user 1 Model vs. user 2

Grade 0 0.65 (0.40-0.90) 0.83 (0.62-1.00) 0.67 (0.50-0.83) 0.70 (0.44—0.96)
Grade 1 0.85 (0.75-0.95) 0.79 (0.68-0.89) 0.79 (0.66-0.92) 0.78 (0.64—0.90)
Grade 2 0.86 (0.76-0.97) 0.64 (0.50-0.78) 0.83 (0.72-0.95) 0.59 (0.44—0.74)
Grade 3 0.98 (0.92-1.00) 0.34 (0.19-0.49) 0.75 (0.54-0.96) 0.22 (0.07-0.36)

have been selected in such a way that the model could visualize
those parameters that are readable and visible. A modified and
simplified version of the Histological and Histochemical
Grading System/Mankin scoring system has been used here in
this work to achieve the same, which enables the model to read
the parameters within a tile hassle-free and predict the grades

Original tile Tile overlaid by User 1 User 2 Model
g Grad-CAM grade Egrade grade

A - 1 2 1

3 3 3

i 5 0 0 0

- -

3 2 2

! 3 3 3

. ” 1 1 2

FIG. 9. Comparison between the grade labels given by
user 1, user 2, and the model (here, best performing model
DenseNet121 has been considered) by superimposing the
original input image with the weights from the final con-
volution layer of the model. This rough map generated by
Grad-CAM gives an idea about the regions within the tile,
which the model considers to be important for predicting the
grade. Grades displayed here in red are the ones that differ
from the other two grades. Grad-CAM, gradient-weighted
class activation mapping.

accordingly. Reproducibility of the\scoring and grading is no
more an issue here, because«his*PL model in itself makes it
possible by eliminating bias unlike any, other manual grading
methodologies.

Simple and readable, patameters have been chosen to
avoid the complexity of classification, which can further be
modified by including seyveral other intricate details. For
instance, the collagen“fibril arrangement and its diameter
(which will give ‘an idea of the degree of protease-mediated
collagen fibril ‘@egradation®*>) by picrosirius red staining,
and the degreée.of matrix calcification by alizarin red stain-
ing can be inyestigated further. Thus, by expanding the
parameters for,scoring, we are providing additional input for
the modelto read few extra features from the image, which
might be beneficial in improving the reliability of the score
andyas well as the precision-recall of the model to perform
better|in terms of its prediction.

The indispensable role of chondrocyte hypertrophy in OA
poses difficulties in the development of a phenotypically
stable cartilage.’® Furthermore, as a symptom of putative
cartilage regeneration, there is intense deposition of gly-
cosaminoglycan content in pericellular region of clustered
cells, that change during the disease progression.”’ This
staining intensity indicating the newly synthesized proteo-
glycan can also be included as a grading parameter. How-
ever, it could not be appended in this study because of the
wide variation in the tissue quality of highly osteoarthritic
cartilage sections within the same image. This stands as one
of the limitations, as the model might mistake it for normal
glycosaminoglycan content in the extracellular matrix.

Any artifacts (including staining and processing artifacts
in the slides) would influence the results of the histology as-
sessment. Staining variability, if at all any in the images of the
histological tissue sections could directly affect the standardi-
zation of the results, as it is a direct parameter in analyzing the
severity. Hence as an additional endorsement, the whole his-
tological images of the samples (instead of cropped tiles with a
small dimension) with both Safranin-O staining and H&E
staining were also analyzed, graded, and evaluated manually by
both users 1 and 2. By manual grading system, both the users
graded the samples by considering the layer-specific charac-
teristics of healthy and OA cartilages. It was concluded from
this observation that the grades obtained from manual grading
system matches well with the automated DL model grades,
which draws evidence that the modified grading system that
was designed for grading OA severity by DL models stands
felicitous in achieving our objective.

Although our model performs decent with an acceptable
level of precision and recall, there is still scope for im-
provement. We can further reduce the annotation efforts and
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increase the accuracy by using semi-supervised learning in
which the model can train on data, predicting with confi-
dence above a threshold. One of the major reasons for user
disagreement in manual grading systems is the biased hu-
man visualization. This disagreement can be eliminated only
if the users look at the tiles in the same way (by treating all
the regions in a tile equally by giving precisely the same
weightage), which is almost practically impossible. But this
is not the case with the DL models. Recent work on quality
control standardization for grading the chondrogenesis of a
tissue engineered cartilage using DL'® has suggested that
the user disagreement could be because of varying quality of
tissues within the same image, which stands true in our case
as well.

We have tested only four different DL architectures here
in this study. There are several other DL architectures
available, which might display better results. With steady
advancements in the concept of DL, it is believed that
various other architectures would come into play, mani-
festing better ways to learn the grading parameters more
effectively than the existing ones. For our best performing
model DenseNetl121, a schematic describing the pretrained
and additional trainable layers has been given (refer Sup-
plementary Fig. S2). Nevertheless, the aim of this study was
to investigate the feasibility of automating the laborious
process of OA grading with its histological images using a
modified grading system, and not solely uncovering the
superior model or architecture. We have thus shown here
that a DL model could be trained and tested with a limited
dataset of cartilage histopathology images for assessing the
disease severity.

Being a distinct advancement in the field of Al and re=
generative medicine, this particular work on automating the
grading of human OA cartilage by DL reduces the bias and
disagreement that prevails in the manual grading process
and hence, this would be beneficial in sufficing the re-
searchers on developing strategies to mitigate OA»Although
histological examination is conducted only in, cases with
doubtful pathology, it is of great significance for research
purposes. We are proposing the direct clinical utility of this
work by developing automated DL modelsfor OA grading
of biopsies. With its innate faster readouts, reliability,
agreement, and reproducibility to@ significantly greater
extent, this automated gradingsby DIV classification models
proves to be a way better and Superior option to explore than
the manual grading processufor determining the degree
of cartilage degradation, ‘and thereby it is believed to be
very propitious in afhalyzing the severity and extent of OA
progression.

Conclusion

Given that knee arthroplasty is the only partially effective
treatment for OA, researchers these days have shifted their
interest toward finding a better alternative. Several experi-
mental studies target the development of disease models,
where standard histopathological assessment systems are
required for distinguishing the subsets of OA and defining
the end points for clinical trials. Moreover, evaluation of
characteristic features and disease markers of OA, and
evaluation of animal OA models call for reliable grading
methodologies. There has to be a standardized method for
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grading with good reproducibility and reliability, which
manual grading fails to achieve as it is subjective to human
bias. In this study, attempts have been directed toward de-
veloping an automated grading system, which can outper-
form the existing manual grading systems.

The current article deals with the automation of human
OA specimen grading using DL, which involves developing
a scoring and grading system, and a DL model that can read
the parameters of the designed grading system from the
cartilage histology images accordingly. With a highly het-
erogeneous dataset (refer Supplementary Table S2) includ-
ing both HC and OAC imaged by two different microscopes,
it was possible to train the model, with a wide spectrum of
images resulting in better performance of the classification
algorithm. One of the major benefits of this study is that the
extent and severity of cartilage degradation is presented
directly by the developed model without any manual inter-
vention, which stands invincible in terms of reliability, in-
teruser agreement, ‘and reproducibility.

Various metrics such™as the accuracy, loss, kappa score,
ROC, false-positive and false-negative rates, with corre-
sponding AUC’swobtained here suggest that this DL-based
automated grading system tends to provide desirable and
promising” outcome. These latest developments in the field
of AT would implement the transition from manual to au-
tomated ‘grading, which would be swift and precise. This
concise,unbiased, and unambiguous grade prediction by DL
models thus will aid in delivering improved and effective
detection and diagnosis of OA by acting as a standardized
method to practice for OA grading.
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