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Hello, my name is Mahindra. I am a course TA and I am a Ph.D. student working with Dr

Ganapathy Krishnamurthi. I will be continuing with the next session of where Ganapathy sir left.

So I will be describing about the dataset.
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Dataset Description

ACDC-2017 Challenge Dataset

o Trainingset - 100 cine MRI cases
o Ground truth annotations given for Left
Ventricle, Right Ventricle and
Myocardium at End Systole (ES) and End
Diastole (ED) phases
o 5Groups of patients categories:
Normal (NOR)
Dilated Cardiomyopathy (DCM)
Hypertrophic Cardiomyopathy (HCM)
Myocardial Infarction (MINF)
Abnormal Right Ventricle (ARV)
o Testset-50cine MRI cases

STACOM-2011 Challenge Dataset

Training set - 100 cine MRI cases

Ground truth annotations given for

Myocardium at all cardiac phases

2 Groups of patients categories:
Coronary artery disease
Myocardial infarction

Test set - 100 cine MRI cases

Kaggle Datascience Bowl 2016 Challenge Dataset

Training set - 700 cine MRI cases
No Annotations, only reference volumes at End Systole
and End Diastole phases

Groups of patients categories were Normal and

Diseased
o Testset-440cine MRI cases

For our challenge, we used 3 publicly available datasets. They are the ACDC challenge dataset,
the STACOM and the Kaggle Datascience challenge dataset. In the ACDC dataset, we were
provided with 100 cine MRI cases and for the task of segmentation, we were given the ground
truth annotations for the left ventricle, right ventricle and the myocardium. And these annotations
were provided End systole and End diastole and also the MR case has involved 5 groups of
patients, namely the normal, the dilated cardiomyopathy and hypertrophic cardiomyopathy and

myocardial infarction and abnormal right ventricle.

For validating our algorithm, they provided us with 50 cine MRI cases. Similarly in the
STACOM data, they also provide us with 100 cine MRI cases and 2 groups of patient categories

were involved and the testing set was even 100 here. This Kaggle Datascience Bowl is an annual



challenge hosted on various medical problems. So in 2016, they hosted a challenge for predicting

the volumes of the ventricles in systole and diastole.

Their training set involved 700 cine MRI cases and here no annotations were provided but

instead only the reference volumes that systole and diastole provided.
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Segmentation Results - Normal case at ED

Input Image Ground Truth Prediction

Segmentation Results - Normal case at ED

Input Image Ground Truth Prediction




Segmentation Results - Normal case at ED

Input Image Ground Truth Prediction

il

So I hope the visual visual description of the results I will be presenting to you of our model. So

you could see here, this is our input image and this is the ground truth. Ground truth means the
segmentation contours drawn by the radiologist. And this is the prediction from a model. You can
see that at a particular case of normal and at End diastole phase, the slices are taken from the
apex till the base. You can see the our prediction model has very close similarity with the the

ground truth.
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Segmentation Results -End Diastole Mid-Slice

A

Input Image Ground Truth Prediction




And even in the systole case, I am showing the results. The One of the challenges in cardiac
segmentation is the segmentation at the topmost and the bottommost slices of the heart, mainly
the basal slice which are close to the arteries and the epical slice which are close to the end of the
heart. So these are very difficult regions to segment. We can see here. These are mispredictions

seen here. The, our model does very well in predicting the mid-slice region of the heart.
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Segmentation Results - End Diastole Apex Slice

Input Image Ground Truth Prediction

We could see here in the prediction and the ground truth. And when it comes to apex slices,
because of the small region, it is quite ambiguous sometimes to clearly demarcate the epical

assertions.
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ACDC Challenge Test Set(n=50) Segmentation

DC DC HD HD & EF & Vol. ED  Vol. ED  Vol. ED
Rank  Method EF cor. EF std.

ED ES ED ES bias corr. bias std.

1 Isensee et al. (2017 0968 0931 7384 6905 0991 0.178 3.058 0.997 2,668 5.126 DC_ che SCOre.
0o6 0017 8120 sos 0%9 o5 342 osr  osw  ssm  HD-Hausdorff Distance

3 0959 0921 7737 TG 0959  -0330 3281 0993 0440 8701 cor- correlation
1 Baumgartner et al. (2017) 0963 0911 6526 0170 098 0568 3308 099 1436 7610
RV
1 Isensee et al. (2017 0046 0809 10123 1246 0901 2721 6203 0988 1404 10823
Zotti et al. (2018) 0941 0882 10318 14053 0872 2.2 6.847 0991 3722 9.255 H(P,G) = max(k(P,G), h(G, P))

3 Ours 093 091 13930 0858 2246 6953 0982 2806 1260 h(P,G) = max min ||p; - gil|
4 Baumgartner et al. (2017) 0932 0883 12670 14601 0.851 1.21 734 0977 2200 15.153 PEPgieC

. DC DC HD HD Vol ES Vol jol. ES Mass ED Mass ED  Mass ED
e ED ES ED ES corr, corr. bias std
1 Isensee et al. (2017 0902 0919 8720 8672 0985 9.153 0.98 4831 7576
2 Ours 0880 0808 0841 12582 0970 11037 0990 2873 7.463
3 Baumgartner et al. (2017] 0802 0901 8703 10637 0983 9932 0.982 -6.861 9818
1 Patravali et al. (2017 0882 0807 9757 11256 0986 4464 9.067 0.980 -11.586 8093

In the ACDC challenge test set, our model gave a comparative competitive result and we stood
2" in the challenge and the matrix used were both clinical as well as clean geometric matrix. The
clinical matrix included the ejection fraction, the volume set, ED and ES. And the geometrical
matrix were dice score and Hausdorff distance. So using this matrix, they evaluated our
segmentation performance. We could see that Jack in the left ventricle we stood a rank of 2 and
in the right ventricle, we had a rank of 3 and in the myocardial segmentation, we had a rank of 2.
Our overall ranking was 2™ in this challenge and the results are compared with the other

participants of the challenge.
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STACOM-2011 (n=100) Segmentation Results

e
. Method FA Jaccard ~ Sensitivity Specificity PPV NPV
lnpu . Prediction Ground Truth AU X 084 089 (0.13) 096 (0.06) 091 (0.13) 0.95 (0.06)
CNR X 077(0.11) 0.88(0.09) 0.95(0.04) 086 (0.11) 096 (0.02)
FCN v 0.74(0.13) 083 (0.12) 0.96 (0.03)  0.86 (0.10) 0.95 (0.03)
Ours [ 0.74 (0.15)  0.84 (0.16) 0.96 (0.03) 087 (0.10) 0.95 (0.03)
A0 X 074(016) 0.88(0.15) 091 (0.06) 0.82(0.12) 0.94(0.06)
SCR v 069(0.23) 0.74(0.23) 096 (0.05) 0.7 (0.16) 0.89 (0.09)
DS X 064(0.18) 0.80(0.17)  0.86(0.08) 0.74(0.15) 090 (0.08)
IR v 043(010) 0.89(0.7) 056 (015) obaccard .93 (0.09)
Apex:
@R
T0 = oo
Jaceard = 5 068:
0.16
J e
Tipp L Mid:
(TP +FN) 0.78¢
TN 0.13
SPC=———— Note: .
(TN+Fp) O :
P Sensitivity (TPR) Base: 0.74:0.18
PPV = ——  Specificity (SPC)

(TP+FP)  Ppositive Predictive Value (PPV)
VPV = TN Negative Predictive Value (NPV)
STV TITNEFN)  FA-Fully Automated

Even in the STACOM challenge, we achieved a fairly competitive result. Our method was fully
automatic and we were on state of Jack with the other techniques. The matrix used was for the
jaccard index. We could clearly see here that even our model had slightly lower predictions for

the apex and the base slices. Whereas in the mid-slice, the predictions were really good.
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z
ACDC Model Generalization Test on Kaggle

1
Evaluation Metric:
Continuous Ranked Probability Score (CRPS)

N b9
; CRPS = ghe Y% T (Ply <) - H{n - Vi)
ié Predicted Distribution P - Predicted CDF
Y N - Number of cases (440*2)
V - Actual Volume in mL
— H(x) = 1 for x 2 0 & 0 otherwise
oml Actual Volume 599 ml

Our CRPS Score: 0.0127 (10th Position in the actual challenge)

In case of Kaggle dataset, we did not use any evaluation dataset from the Kaggle. Instead, we
used our ACDC model, trained on the ACDC dataset for directly testing on the Kaggle test set.

They used a continuous ranked probability score which is defined in the formula below. This



gives us a score based on the predicted distribution of the actual volume. So our score was

around 0.0127 which gave us a position of 10" in the actual challenge.
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Automated Cardiac Disease Diagnosis
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So I will be discussing the next part of our work that is the automated diagnosis. In the ACDC
challenge the task involved 2 steps, one is the segmentation as well as the automated cardiac
diagnosis. Once the segmentations were got from the cardiac MRI, we used them to predict the
disease of the heart. As I previously mentioned in the dataset, there were 5 patient categories.
They were described as shown in the figure now. So in the normal heart, is given here and it is

compared with the dilated cardiomyopathy.

We can see in the DCM, the walls are thin and the ventricles are dilated. In the abnormal right
ventricle, the ventricle regions are enlarged here. In the hypertrophic cardiomyopathy, the walls
of the myocardium are thick and in case of infarction, certain regions of the myocardial segments
get thin compared to the rest of the myocardium region. So these were the 5 patient categories
given in the ACDC dataset. The objective was to develop automated algorithm which does the

classification.
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Automated Cardiac Disease Piagnosis Pipeline
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So this is our diagnosis pipeline. So any machine learning algorithm has certain steps. In the first
very step here was extracting the features. So from the segmentation, we extracted the features.
We basically categorised the features into 2 groups, primary and the derived. The primary
features are like the volume of the ventricles and the mass of the myocardium and also was

thickness of the myocardium at each slice.

And the derived features are something you derive from the primary features like the ejection
fraction of the left ventricle and the right ventricle, the ratios of the volumes of the ventricles and
estimating the standard deviation of the myocardial wall thickness measures within a slice and
across the slice. So the pipeline is explained here as follows. The first step involves from the
cardiac MRI in the segmentation, we used our segmentation model, to get the segmentations

from the cardiac MRI, we used feature extractions module to extract features.

The features extracted are described in the next slide and we classify we group the training set
into training set and validation set. This pit was done for our model selection. Mainly we had to
pick the best classifier for training our algorithm to classified to 5 classes as well as for running
the hyper parameters. So the preprocessing involved feature selection as well as features scaling
and training the classifiers and tuning the hyper parameters and dipping the model selection. So
we use fivefold cross validation for model selection as well as feature selection and fee and

hyper parameter tuning.



Based on the fivefold cross validation, we found that Jack ensemble system desk very good in
predicting the disease group, so we developed a two-stage model. In the first stage, it was a
aggregation of 4 classifiers. It is classifier was trained independently on all the 5 patient
categories using all the features and we found that these 4 classifiers gave the very best results
individually. So we grouped them and each classifier output was taken and a majority vote was

done to get the final prediction from the first stage of the diagnosis.

After the first stage of diagnosis, we passed to the 2™ stage. We observed that in certain patient
categories, like in the infarction and the dilated cardiomyopathy, it is a closely related groups. It
was quite difficult to discern the disease category. So we had to develop a expert classifier. We
found out that MLP does the best job for this task and it was trained on a subset of features used
for training the these 4 classifiers. We found that the myocardial wall thickness profile features at

end systole were sufficient to properly segregate between these 2 classes.

So the 2 stage implementation is something like this. We have the first stage to get 5 class
prediction and in the 2™ stage, we have a refinement to correct some of the misclassifications. So

the final classification was one of the 5 categories here.
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Cardiac Features

—_—
/_
Features IV RV MYO \
A
Candiac volumetric feat
D

(a) NOR - Axia (5) DOM - Al (€) MINF - Axial

MWT|SA)|LA),
(MWT|SA)|LA);
MWT|SA)|LA)
IWT|SA)|LA))*
MWT|SA)LA))*

MWT|SA)|LA)"

S[stdev(stdev(MWT|SA)|LA))* v (d) NOR - Sagittal (e) DCM - Sagittal () MINF - Sagittal .

So this slide lists some of the features used for our training. So as I told, the volume features, the

ejection fraction, the volume ratios and the myocardial wall thickness variation profile was



captured using various pa methods like finding the Max of the mean of the standard deviation
and the variation across the short axis, long axis.
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Cardiac Feature Importance Study
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We also use random forest to select features. We can use random forest classifier for doing
feature selection. So this is our one use case of using random forest classifier. So as I told, we
had a two-stage diagnosis. In the 2™ stage, we had to figure out what are the relevant features for
grouping the patient cases within infarction and the DCM. So we observed that random forest

showed us, these are the important features at the End systole phase which are sufficient to
segregate into 2 classes.
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ACDC Challenge Test Set(n=50) Diagnosis Results

Results of Sombined Stage 1 and Stage 2 Classifiers

Rank Method Accuracy
il Ours 1

2 Isensee et al. (2017) and Cetin et al. (2017)  0.92

3 Wolterink et al. (2018) 0.86

Results of First Stage Classifier

Group NOR DCM HCM MINF ARV NOR DCM HCM MINF RV
Recall 1 0 ] (0 NOR 0 0 0 0
Precision 1 08 1 0.8 1 DCM 0 0 2 0
Overall Accuracy  0.92 HCM 0 0 0 0
MINF | 0 2 0 0
RV 0 0 0 0

The challenge, our method achieved accuracy of 100% and this is attributed to our two-stage
classification. I can clearly show you how this method was effective. So in the first stage, our
classifier gave an overall accuracy of 92%, we could see there were misclassification in the
DCM and MINF. Even in the confusion matrix, we could see some of the groups were most
classified among DCM and MINF only. So up on the 2™ stage, all this misclassifications were

gutted and we are able to achieve a 100% accuracy.
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Discussion & Conclusion
Our work proposed:
o A parameter and memory efficient 2-D multi-scale FCN based on residual DenseNets.
o A novel weighting scheme for combining the benefits of cross-entropy and Dice loss.
o State-of-the-art performance on two challenging cardiac segmentatian tasks
. Aset of novel hand-crafted features for cardiac disease diagnosis.

o State-of-the-art performance on automated cardiac disease diagnosis.




So the paper concludes as follows. We actually developed a very parameters and memory
efficient 2-D multi-scale FCN based on residual DenseNets. And we showed our novelness in
weighting scheme used for combining the cross entropy and dice loss. We achieved state-of-the-
art performance onto challenging cardiac segmentation tasks. We also handcrafted a novel
features for cardio disease diagnosis. And we achieved a state-of-the-art performance on

automated cardiac disease diagnosis.

(Refer Slide Time: 12:39)

Appendix - Comparison of Loss Function vs Output

DICE LV DICE RV DICE MYO Mean Dice

ED ES ED

(b) Cross entropy loss

(d) sW-CE loss (e) mW-D loss () sW-CE + mW-D loss

I would like to add one more point here. Our loss function was come compared to other standard
loss, gave better visual appearance. We could clearly see here. These are the standard loss like
cross entropy, weighted cross entropy, dice loss and weighting scheme used by our method. So
we could see that when compared to ground truth, our model had a better visual appearance

compared to other loss functions. So hence gave a better performance compared to other losses.
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Source Code and Implementation Walk
Through

https://qithub.com/mahendrakhened/Automated-Cardiac-Segmentation-and-Disease-Diagnosis

We have uploaded our source code online so that people can take benefit of it and I urge you to
look into this code because many examples in tensor flow has been used a scale on has been
used. This link would be posted in the announcement section. So please look into it and briefly
gave a walk-through of the code so that you can find it easier to run in your system. So most of
the codes these days are up with the research papers are coming up with the codes and they are
uploaded in github. Github is a common platform where many projects can be developed in

collaboration in it can be shared to the world.

(Refer Slide Time 14:02)

Introduction

This repository contains the reference implementation for automated cardiac segmentation and diasease classfication
introduced in the following paper: ‘Fully Convolutional Multiscale Residual DenseNets for Cardiac Segmentation and
Automated Cardiac Diagnosis using Ensemble of Classifers" htpsy//doi org/10.1016/ media 2018.10.004

Citation r

Ifyou find this reference implementation useful in your research,please consider citing

ened20197ully,
11y convolutional multi-scale residual DenseNets for cardiac seguentation and automated cardiac diagnosis

ahendra and Kollerathu, Varghese Alex and Krishnamurthi, Ganapathy),
journal={Nedical irage analysis},

Usage

ACDC Data Preparation

1. Register and download ACDC-2017 dataset from https;//www.creatis.insa-lyon.fr/Challenge/acdc/index.htm!

2. Create a folder outside the project with name ACDC_DataSet and copy the dataset,
2.0 4 800




So our paper’s code is put up in the github profile. The instructions for using the code has also

been put up here and the method to train and test and validate is also given here.
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Fully Convolutional Multi-scale Residual DenseNets for Cardiac Segmentation and
Classifiers

925 commit

Automated Cardiac Diagnosis using Ensemble of
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I will just give you a overview of how this code

PTI Clone o downlond ~

is being organised. So basically in any deep

CNN work involves preparing the data, loading the data, preparing the model, the neural network

architecture and developing some estimators for analysing while training like the loss function,

the matrix for finding out the accuracy of the model. These are the groups mod these are the

models in our code. To start off, we have to preprocess the data.
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This model, data preprocess has all the codes for preprocessing the raw data. When [ say this
cardiac data, it comes in a nifty format. These are very specific medical image formats which
might not be efficient to directly process for neural network. So we need to actually extract the
data jack extract the data, extract some of the information, preprocess them, all this have been

given in this source file. All these are self-explanatory, I urge you to walk through it.

I will just give you an intro onto what this module does. Basically, the medical images are
numpy formats, no nifty format and this need to be converted into numerical Python format,

numpy. So in numpy we can do various mathematical operations for easy and faster processing.

(Refer Slide Time 16:00)
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So basically the cardiac dataset as I explained, it is 4D volume or 4D stack. So at each phase of
the cardiac, is a 3-D volume and each phase is a time point. So it is aggregation of time series of
volume data. So we need to extract relevant slices with annotations are there and these slices
need to be converted into suitable format. And this is, this code does that. Basically, we also need

to preprocess to extract the ROA Centre.
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The code for ROA Centre prediction is in this file, the extract roi fft based methods. The codes
are self-explanatory, you can look into it and reading and writing. And also one more thing is that
these files have to be converted into proper formats like hp file format or hdfi file format for

faster processing.
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The 2™ step here is preparation of the data loading. As I previously discussed, most of the neural
networks are trained on a batches of the data and to enhance the dataset, even the augmentations

are performed. This module does two task. When you need to read the network with data, it takes



relevant files from the pre-processing and the preprocessing like the augmentation and the

permissions are done in this file and also the normalisation.
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The loader basically from the preprocessed files, it extract the relevant images, prepares batches
and these batches are passed through preprocessing module where the augmentation such as
defamation, rotations are done, also the normalisation is done when these are fed to the neutral

network.
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And in this model module, we define most of the tensor flows architecture. We have used tensor
flow slope to build our network. So this is upper object where the where we define our neural
network architecture. So we develop everything using tensor flow layers module and the lower
primitive functions are developed in this file called network.ops. So where we develop basic
building blocks for building our neural network and all these things, you can look into it for

further understanding.

So how the dense blocks are developed, how the layers are defined, all these things you can look

into these 2 files. Once the models are developed, we need to have a proper estimator.
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The estimator is something like which which is a bridge between the data loading as well as the
model as well as estimating the statistics while training is happening. So here in the estimator,
there is a config file and the train.pui file and the estimator file. The config file is file where we
consider some of the hyper parameters like what is the batch size, what are the number of
classes, number of epochs to be trained, what is the learning rate, where is the data located, all

these things are configured in the config file.

After the configuration is done, we have the train.pui file where we configure the model
architecture, model hyper parameters like the growth rate, number of layers and the rate decay,
dropout, all these things are configured in the train.pui. And this is the main file which we need

to run for, to initiate the training procedure.
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This is the estimator file where we estimate while training, what is the loss, how was the training
progressing and also tensor board functions are implemented in this file. Tensor board is another
tool which you can use it to visualise, to see how the training is progressing. You can see live
updates of the loss as well as how the live predictions are happening on the training and

validation set.
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Steps to train the model:

1. From the project folder open file estimators/train,py and configure the network hyper-parameters.

2. From the project folder open file estimators/config.py and configure the training hyper-parameters.

3. Run the script train,py

4. Qutside the project in the folder named trained models/ACDC/ the model weights and tensorboard summary are saved.

5. While training the training summary can be accessed running: tensorboard -

logdirs"path_to/trained_sodels/ACDC/FCRD_ACDC/sumary’ .

Steps to test the model:

1. From the project folder open file estimators/test.py and configure the testing hyper-parameters, path to trained model

weights and ACDC-2017 testing dataset.

2. Run thelcript test.py.

3. The predictions are saved in the path trained_models/ACDC/FCRD_ACDC/predictions TIMESTAMP

Cardiac Diagnosis

1. Extract Features from the training dataset by running: generate_cardiac features train.py

2. Extract Features from the testing dataset by running: generate_cardiac features testpy

3. Run the scrpts stage_1_diagnosis,py and stage._2.diagnosis.py in sequence

4, The final cardiac disease prediction results on the test set are generated in the prediction folder
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Once the segmentation, we can use our testing module to test our segmentation results. We can

also upload our test results in the website of the challenge, where they are evaluating our model.

The 2™ part is the cardiac diagnosis and walking through this code.

(Refer Slide Time 21:00)
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Once the segmentations are done, we can run this generate.cardiac features file, this file has
functions to read the segmentation masks. From the segmentation mask various features as
described in the previous slides have are extracted and these are saved in a csv file. This csv file
is used for training our classifier. In the stage 1 and the stage 2 diagnosis, we have classifier
selection using cross validation studies. So basically we have used all scalan functions to

implement our classifiers here.

(Refer Slide Time 21:46)
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So what we do is we read the CSV file and we do fivefold cross validation study and we do the

classifier selection and training of the model on the training set. Once the training is done, we



can use the trained model on the testing set. The stage 2 diagnosis does the similar operation but
here the problem is limited to diagnosis or the correction between the DC (())(22:10) MINF
cases. Once this file is run, we get the final prediction results in the prediction folder where we
get the prediction of each cine MRI volume as either normal or anyone of the pathologies of the
heart. You can check this model by running in your system and you can also get a feel of by
tuning these parameters or playing around with the classifiers. You can upload in the challenge

website and get a feedback of whatever results you have got. Thank you.



