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(a) (b)

Fig. 1. Example MR images of autosomal dominant polycystic kidney

disease. (a) Typical case(class 1) and (b) atypical case(class 2)
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Fig. 2. Mayo imaging classification of ADPKD
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@ Convert AVW to NIfTI file @ Select 1slice in 3D data and
and add voxel size convert to 2D image

————
-
’

\\\
Vil NN
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©) Pixel Spacing and Resizing MR Image @) Zero-padding

380(H) X 380(W) 684(H) X 684(W)

Original pixel
Target pixel

Ex) 380 x (0.9/0.5) = 684

1280(H) X 1280(W)

Target shape = Original shape X

Fig. 3. Pictorial illustration of the preprocessing of MR images. A
single representative mid-slice image is selected at 65% of the distance
from the anterior to the posterior of the MR images covering kidneys.
The selected MR images were resized using the pixel spacing and slice

thickness. Zero padding was applied to the resized MR image.
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2. 0o|e =& (Data Augmentation)
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AZ s 314 ¥ 9 MR 94 Fig. 4 (@F 7|22 doly &
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(d) (e) (f) (g)

Fig. 4. Data augmentation examples. (a) original, (b) -45 degrees of
rotation, (¢) - 150 degrees of rotation, (d) horizontal flip, (e) vertical flip, (f)

Color jitter, and (g) Gaussian blur
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Fig. 5. Difference between plain networks and residual learning. (a)

plain networks and (b) residual learning

Fig. 62 7}7} (a) VGG-19, (b) 34= Aut YES A 183 (¢) 34= golo=
7}A ResNet-34 J+%E YEFATE VGG-19% ResNeto] E#sl7] o)A, 20144

ILSVRColA A5 AAgewA 53 AAGow onA i #dA

BV
juto)
o
o,
=
u:
T
=)
=e}
)
%]
Z,
o)
w
i
rir
<
D
D
L
©
4
)
>
o
oR
k1
o)
M
s
«
o
2
~
>
o
2

7 443 FREAL BAT 5 Ak GHA ResNete ol @ BASE
|

49l Held wuw F2ua ok

_‘I7_



output
Size:
224

output
Size:
112

output
Size: 56

output
Size: 28

output
Size: 14

output
Size: 7

output
Size: 1

residual

ResNet-34

VGG-19

image
3x3 conv, 64

3x3 conv, 64
pool, /2

i

3x3 conv, 128
3x3 conv, 128

i

pool, /2

3x3 conv, 256

3x3 conv, 256

3x3 conv, 256
3x3 conv256

—

pool, /2

3x3 conv, 512
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3x3 conv, 512

3x3 conv, 512

pool, /2
3x3 conv, 512
3x3 conv, 512

3x3 conv, 512
3x3 conv, 512

pool, /2

v
fc 1000
fc 1000

(a)

Fig. 6. Differences between VGG-19, 34-layer plain, 34-layer

architecture:

(a)

34-layer
plain

image

7x7 conv, 64, /2

pool, /2

3x3 cony, 512
3x3 conv, 512
3x3 conv, 512

avg pool

fc 1000

(b)

VGG-19, (b)
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34-layer
residual

image

7x7 conv, 64, /2
pool, /2
3x3 conv, 64
3x3 conv, 64
3x3 conv, 64
3x3 conv, 64
3x3 conv, 64

3x3 conv, 64

3x3 conv, 128
3x3 conv, 128

3x3 conv, 128
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3x3 conv, 128
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:
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3x3 conv, 256
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3x3 conv, 512
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avg pool
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(c)

34-layer plain,
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(2) ViT(Vision Transformer)

Ed I (Transformer)[34]:= F2 2ol AHg 2 7|4 A9y 2
NLP(Natural Language Processing) ZgoA 8% o] gon i &He7}
-2 RNN(Recurrent Neural Network)e] 3SHAE =4
A FokolA E=e AIZ HATE o]Fo= GPT(Generative Pre-trained
Transformer), BERT (Bidirectional Encoder Representations from Transformers
) T 2 g do] nelR gr o] tpde §&Wok] AFEEHI AT o
o7l H 2ol EdAYHE ZAFHHY A(computer vision)o]  #g3F VIT
(Vision Transformer)[35]7} &7ste], o2 o]nx] <14 wlxwi=eA SOTA
(stat-of-the-art) & &4 A TH36].

t
r ~
Atypical | <= M Lx e
i Head
I MLP

Transformer Encoder ] m

|
- SRRl ORRaNe |

Attention
-nn Linear Projection of Flattened Patches
ral -nearadnoa | ==
|
.n Embedded
Patches

Input Image

(a) (b)
Fig. 7. Structural diagram of vision transformer architecture. (a) Vision

Transformer and (b) Transformer Encoder
ViTE 98 o|nA & dlAE Al X(sequence)®t GAFSH Wbxlo =z thEU)
WA, geE oA FU Avle] e A Epatch) Lol ol ¢l @

WPAELS Ald HoloE T3 WE R W t(patch embedding). ©] ™,
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ojmjx|e] {IAAHRI} Fe =] wie z} sfx|o] $1x AP (pose embedding)
o] F7tdt} o]y d WAooz A dudgd 9% duldo] AFE 1A
ANdxz Hebdl(flatten) Aok, HEH oz AAdE Ay wWE AAAE
2

og HAEHW, o HAHA At Multi-Head
A2 MLP Headd] A#&% AHARE 283}

Edaxme] Qe ¢
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oM S HRIATHI] oleld ABA TRE AiE HolHZ tEs] 94
AAE  BERTI37]¢ €A F+x2E 71x3 9. Al 28], BERT7}
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ol 2 grRe] HolHE Al FAS T ABF, CNNEU v He5s 2
At gy S 2 grme] dHelHE AR Fdd ViTe #He

dlelE A Eo A e $-73 dnksl e B ojTrH35]
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Table. 3. Experimental Environment

T4 Version

OS Linux Ubuntu 16.04.7 LTS
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GPU 1 Nvidia Titan Xp
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Table. 4. Classification accuracy of trained networks with models ResNet-18,
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Model .
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Table. 5. Classification precision, recall and Fl-scores of trained networks
with models ResNet-18, ResNet-34, ResNet-50, and ViT

B7HA & AUE A& F1-A 5
Model . .
Type (Precision) (Recall) (F1-Score)

class 2 0.50 0.95 0.66
class 1 0.99 0.85 0.92

ResNet-18
macro average 0.75 0.90 0.79
weighted average 0.93 0.87 0.88
class 2 0.69 1 0.82
class 1 1 0.93 0.96

ResNet-34
macro average 0.84 0.97 0.89
weighted average 0.96 0.94 0.94
class 2 0.87 1 0.93
class 1 1 0.98 0.99

ResNet-50
macro average 0.93 0.99 0.96
weighted average 0.98 0.98 0.98
class 2 0.71 1 0.83
class 1 1 0.94 0.97

ViT

macro average 0.86 0.97 0.90
weighted average 0.96 0.95 0.95
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(c) (d)

Fig. 12. Four class 1 MR images that were correctly classified with
relatively lower probability values. The class 1 classification probabilities
were (a) 93.7%, (b) 90.9%, (c) 65.6% and (d) 56.2%, respectively, which was

lower than the 99% probability of most correctly classified class 1.
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(b) (c)

Fig. 13. Three class 1 MR images mis-classified to be class 2. The
class 1 classification probabilities were (a) 42.2%, (b) 39%, and (c) 26%
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Fig. 14. Two class 2 MR images that were correctly classified with
relatively lower class 2 classification probabilities. The class 2 classification

probabilities were (a) 93.7% and (b) 98.2%.
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Fig. 16. Result of applying explainable artificial intelligence to class 2
MR images. The top row is the original MR images, the bottom row show
the boundaries of the superpixels with yellow lines, and the highly

contributing superpixels are highlighted in green.
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Artificial Intelligence-based Automated Classification
and Analysis of Individuals with Autosomal Dominant
Polycystic Kidney Disease (ADPKD)

Seonah Bu

Department of Electronic Engineering
The Graduate School
Jeju National University

Abstract

Autosomal dominant polycystic kidney disease (ADPKD) is a genetic
disorder characterized by the development of multiple cysts in the Kkidneys.
To date, there i1s no fundamental treatment for ADPKD, so quantitative
classification of patients and risk prediction through image analysis is crucial
for clinical management and trials. Mayo imaging classification is one of the
widely accepted quantification tool exploiting height-adjusted total kidney
volume and age. Nevertheless, this tool can be applied to the patients with
class 1 (typical) only, and class 2 (atypical) with prominent exophytic cysts
are excluded. Manual classification of class 1 and 2 is performed as pre-step
procedure, but this is time—-consuming, onerous, and subject to intra-rater and
Inter—rater variability.

In the era of the Fourth Industrial Revolution utilizing an artificial
intelligence techniques, a deep learning plays a significant role in healthcare
applications. In this study, we propose a deep learning-based fully automated
methodology to automatically classify class 1 and 2 in individuals affected by

ADPKD using MR images showing diagnostic confidence of the automatic



classification results. An explainable artificial intelligence (XAI) method is also
applied to increase the explainability of the automated classification results.
To this end, MR images from 486 ADPKD patients participating in the
HALT-PKD study were utilized for data preprocessing and augmentation. We
trained and tested the deep learning models with residual network
(ResNet)-18, 34, 50 and vision transformer (ViT) and applied transfer learning
using pre—trained weights trained on the ImageNet-1K dataset. Accordingly,
we utilized the output from ResNet-50, showing best performance, to obtain
the diagnostic confidence of the classification results using the softmax
function, followed by the superpixels were generated in the MR image so as
to highlight contributing regions using the XAI methode. For the performance
evaluation, we utilized confusion matrices, the receiver operating characteristic
(ROC) curves, and area under the curve (AUC).

Experimental results showed that ResNet-50 model performed the best in
automated classification, with class 1 at 97.7%, class 2 at 100%, and an
average test accuracy of 98.01%. The precision, recall and Fl-score for
predicting the class 1 were 1, 0.98 and 0.99, respectively, while those for
predicting the class 2 were 0.87, 1, and 0.93, respectively.

The automated classification method proposed in this study and its
probabilities can be utilized as an objective indicator for a second opinion
after the physicians’ interpretation, allowing the physician to thoroughly
examine the medical images again if the diagnostic confidence values are
ambiguous, enhancing the accuracy and effectiveness of the diagnosis. In
addition, the rationale for the model’s classification decision based on XAI
was visually highlighted within the MR image to improve the confidence in
the model’s automated decision. The proposed method could -effectively
facilitate in the clinical management and trials for patients with ADPKD, and
1s expected to benefit healthcare professionals and patients by making the

diagnosis process simpler and more reliable in daily clinical routines.
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