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Models Datasets = Structure and accuracy
ResNet-50 PH2 BW: 0.65, D/G: 0.5, Sks: 0.88
VGG-16 PH2 BW: 0.75, D/G: 0.45, $ks:0.25
DenseNet-121 PH2 BW: 0.83, D/G: 0.28, Sks: 025
OpenAl CLIP PH2 BW: 0.63, D/G: 0.27, Sks: 0.75
Vision Transformers PH2 BW: 1.00, D/G: 0.87, Sks: 1.00
Vision Transformers PH2 BW: 1.00, D/G: 0.89, Sks: 1.00
with convolutions

ResNet-50 DERM7 BW: 0.62, D/G: 052, Sks: 0.67
VGG-16 DERM7 BW: 0.80, D/G: 0.48, Sks: 0.49
DenseNet-121 DERM7 BW: 0.82, D/G: 0.55, Sks: 0.61
OpenAl CLIP DERM7 BW: 0.4, D/G: 0.37, Sks: 0.61
Vision Transformers DERM7 BW: 1.00, D/G: 0.97, Sks: 0.97
Vision Transformers DERM?7 BW: 1.00, D/G: 0.97, Sks: 0.98

with convolutions

BW, Blue-White Veil; D/G, Dots/Globules; Sks, Streaks. The bold selections have been
highlighted to showease our implemented technique/model or to underscore its exceptional

accuracy.
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Models Variation ecrease in
accuracy
Vision Grayscale 0.05
Transformers
Vision Hue: between -25° and +25° 0.2
Transformers
ResNet-50 Noise: up to 5% of pixels 0.37
ResNet-50 Hue: between -25° and +25° 02
VGG-16 Rotation: between -45° and 0.4
+45°
VGG-16 Crop: 0% Minimum Zoom, 0.4
20% Maximum Zoom
DenseNet-121 Hue: between -25° and +25° 0.4
DenseNet-121 Crop: 0% Minimum Zoom, 045
20% Maximum Zoom
OpenAI CLIP Brightness: between -10% and 0.49

+10%
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Techniques Dataset A
Ensemble of multi-res efficientNets with SEN154 ISIC 2019 092
(Gessert et al., 2019)

Ensemble of EfficienetB3-B4-Seresnext101 (Zhou ISIC 2019 0.91
etal, 2019)

Ensemble classifiers (Pacheco et al., 2019) ISIC 2019 0.91
Densenet-161 (Sreena and Lijiya, 2019) ISIC 2019 091
CNNs based on inception-resnet, exception net, ISIC 2019 091
and EfficientNet (T6 et al., 2019)

Malanet based on DenseNet (Zhang P. et al., 2019) ISIC 2019 0.89
Class-centroid-based openset ensemble CNNs ISIC 2019 091
(Adegun and Viriri, 2021)

Long-tail distribution based classifiers (Adegun ISIC 2019 0.91
and Viriri, 2021)

Softmax ensemble and sigmoid ensemble classifier | ISIC 2019 0.92
model (Adegun and Viriri, 2021)

Test time augmentation on ensemble models ISIC 2019 0.92
(Adegun and Viriri, 2021)

Xception, Inception-ResNet-V2, and NasNetLarge ISIC 2019 0.92
(Ahmed et al., 2020)

Top 10 models averaged (Nozdryn-Plotnicki et al., ISIC 2018 0.95
2018)

Large ensemble with heavy multi-cropping and ISIC2018 | 0.97
loss weighting (Gessert et al., 2018)

Emsemble Of SENET and PNANET with Data ISIC 2018 0.96
Augmentation (Li and Shen, 2018)

Densenet (Li and Shen, 2018) ISIC 2018 0.96
Models average (Amro et al., 2018) ISIC 2018 0.95
Average of 15 deep learning models (Bissoto ctal, | ISIC2018 | 0.95
2018)

FV+Res101 (Pan and Xia, 2018) ISIC 2018 095
WonDerM: skin lesion classification with ISIC 2018 0.95
fine-tuned neural networks (Lee et al,, 2018)

Resnext101 and DPN92, Snapshot ensamble, D4 ISIC 2018 0.96
TTA (Adegun and Viriri, 2021)

Emsemble Of ResNet-152 (Li and Shen, 2018) ISIC 2018 0.95
Our technique [ViTs with convolutions (data DERM7 0.98

augmentation)]

The bold selections have been highlighted to showcase our implemented technique/model or

to underscore its exceptional accuracy.
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or a Datase A a

odels (ave
dermoscop e

ResNet-50 PH2 058
VGG-16 PH2 0554
DenseNet-121 PH2 0.59 1
OpenAI CLIP PH2 0.40 |
Vision Transformers PH2 0.87 §
Vision Transformers with convolutions PH2 0.96 1
ResNet-50 DERM7 0.61 1
VGG-16 DERM7 0.66 1
DenseNet-121 DERM7 0.64~
OpenAl CLIP DERM7 041~
Vision Transformers DERM7 0.90 |
Vision Transformers with convolutions DERM7 0.97 &~

The text in red signifies a decrease in accuracy. The text in green indicates either an increase
or maintained accuracy.
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dermoscop
OpenAlI CLIP PH2 0.55
Vision Transformers PH2 0.96
OpenAI CLIP DERM7 046
Vision Transformers DERM7 0.98

The bold selections have been highlighted to showcase our implemented technique/model or
to underscore its exceptional accuracy.
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Vision Transformers PH2 0.95~
Vision Transformers DERM7 0.97 %

‘The text in green indicates either an increase or maintained accuracy.
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OpenAlI CLIP PH2 0.55~
Vision Transformers PH2 0.94~
Vision Transformers DERM7 0.96 &~

The text in green indicates either an increase or maintained accuracy.
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Datasets =~ Training = Blue- Dots/ Streaks

images white globules

veil
Ph2 200 164 (A), 87 (A), 59 170 (A), 30 (P)
( Dermoscopic | 36 (P) (AT), 54 (T)
)
Derm7pt 1,006 812 (A), 228 (A), 447 649 (A), 250
( Dermoscopic | 194 (P) (Irr), 332 (R) (Irr), 106 (R)
)

A, Absent; P, Present; Irr, Irregular; R, Regular; AT, Atypical; T, Typical.
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Models (averaged for = Datasets Accuracy Training

all 3 dermoscopic loss
structures)

ResNet-50 PH2 0.68 1.52
VGG-16 PH2 0.48 1.32
DenseNet-121 PH2 0.45 1.05
OpenAl CLIP PH2 0.51 -
Vision Transformers PH2 0.94 0.53
Vision Transformers with PH2 0.95 0.50
convolutions

ResNet-50 DERM7 0.6 0.77
VGG-16 DERM7 0.59 0.86
DenseNet-121 DERM7 0.66 0.76
OpenAI CLIP DERM7 0.43 -
Vision Transformers DERM7 0.96 0.59
Vision Transformers with DERM7 0.97 0.53
convolutions

The bold selections have been highlighted to showcase our implemented technique/model or
to underscore its exceptional accuracy.
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Models (averaged for all 3 tasets Accuracy
dermoscopic structures)

ResNet-50 PH2 064
VGG-16 PH2 0544
DenseNet-121 PH2 0.63 1
OpenAlI CLIP PH2 040}
Vision Transformers PH2 0.89 )
Vision Transformers with convolutions PH2 0.96 1
ResNet-50 DERM7 0.62~
VGG-16 DERM7 0.63 1
DenseNet-121 DERM7 0.65~
OpenAl CLIP DERM7 041~
Vision Transformers DERM7 089
Vision Transformers with convolutions DERM7 0.97 ~

The text in red signifies a decrease in accuracy. The text in green indicates cither an increase

or maintained accuracy.
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Multi-task 0.964 0.821 0.471 0.206 0.632
AE
Vanilla AE 0.943 0.769 0.407 0.267 0.571
Contractive 0.936 0782 0.421 0252 0.585
AE
Variational 0.948 0.795 0.436 0.237 0.600

AE
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ature escription Unit
Segment Number of segments of the field Integer Number
SSD Source to skin distance Float cm
Collyy Collimator position in x1 direction Float cm
Coll, Collimator position in x2 direction Float cm
Colly, Collimator position in y1 direction Float cm
Colly, Collimator position in y2 direction Float cm
Cy Angle of collimator Integer Degree
Gy Angle of gantry Integer Degree
Meter set MU per field Float MU
Dose Dose per fraction Float <Gy

SSD), source to surface distance; Coll, collimator; MU, monitor unit.
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Variables te SE inal odds ratio 95% Cl

Red dots —0.029 0.004 0972 0.965-0.979 <0.001

Ecchymoses 0.031 0012 1.031 1.007-1.056 0012

Teeth marks —0.064 0.030 0938 0.884-0.995 0032

Saliva Wet 0931 0174 2536 1.805-3.564 <0.001
Normal 0.000 1.000

Fur color Yellow 1.162 0172 3195 2.281-4.477 <0.001
White 0.000 1.000

Tongue color Pale 0745 0.192 2.107 1.445-3.072 <0001
Red —0.259 0425 0.772 0.336-1.775 0542
Bluish 1.009 0302 2743 1.516-4.962 0.001
Pink 0.000 1.000

Diabetes mellitus | Yes 1135 0207 3.110 2.074-4.665 <0001
No 0.000 1.000

Hypertension Yes 0748 0234 2113 1.336-3.341 0.001
No 0.000 1.000

The thresholds for CKD severity were defined as follows.

Stage 0: ¢GER > 60 ml/min/1.732 (control group, no CKD).

Stage 1: 30 < eGFR < 60 ml/min/1.732 (CKD Stage 3).

Stage 2: eGER < 30 ml/min/1.732 (CKD Stage 4-5, without dialysis).
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2 60 (n=318) 30 < eGFR< 60 (n = 345) eGFR < 30 (n = 103) P-value

% N % N %

Gender Female 168 52.8 187 54.2 55 53.4 0.826
Male 150 47.2 158 458 48 46.6

Diabetes mellitus | No 318 100.0 252 73.0 71 68.9 <0.001
Yes 0 0.0 93 27.0 32 311

Hypertension No 318 100.0 279 80.9 85 825 <0.001
Yes 0 0.0 66 19.1 18 17.5

Saliva Normal 230 72.3 192 55.7 54 524 <0.001
Wet 88 27.7 153 44.3 49 47.6

Fur color White 239 77.9 115 35.0 36 36.7 <0.001
Yellow 68 221 214 65.0 62 633

Tongue color Pale 44 13.8 128 37.1 44 42.7 <0.001
Pink 186 58.5 170 493 47 456
Red 66 20.8 14 4.1 5 4.9
Bluish 22 6.9 33 9.6 7 68

Tongue shape Small 176 553 192 55.7 46 44.7 0456
Median 49 154 71 20.6 24 233
Enlarged 93 292 82 23.8 33 32.0

Fur thickness Thin 214 67.3 157 45.5 46 44.7 <0.001
Thick 99 311 180 522 53 515

Little fur No 247 78.9 292 86.6 93 93.9 <0.001
Yes 66 211 45 134 6 6.1

P-value by chi-square test for trend.
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eGFR 2 60 30 < eGFR < 60

Median (e]} 3 Median (e]]

Age 318 63.00 55.00 69.00 345 65.00 56.00 72.00 103 65.00 59.00 74.00 0.005 T
Systolic pressure 318 126.00 117.00 139.00 329 121.00 112.00 129.00 98 124.00 115.00 136.00 0.002 1
Diastolic pressure 318 78.00 71.00 84.00 329 73.00 69.00 75.00 98 73.00 69.00 76.00 <0.001

Body Mass Index 318 2350 2140 25.40 120 23.42 2114 26.02 40 2336 2047 2635 0.684

Hemoglobin 127 13.80 13.00 14.80 229 12.40 11.10 13.50 82 10.85 9.10 12.20 <0.001 1
Glucose (AC) 318 96.00 90.00 103.00 148 105.00 93.00 133.50 41 114.00 94.00 132.00 <0.001 T
Total cholesterol 318 195.00 174.00 217.00 152 168.00 143.50 200.00 41 164.00 145.00 184.00 <0.001 1
Triglyceride 318 92.00 62.00 136.00 151 107.00 66.00 15100 44 103.50 63.50 175.00 0.030 T
Uric acid 114 530 440 6.00 89 6.40 5.10 7.50 38 635 5.40 7.70 <0.001 T
BUN 59 12.00 10.00 15.00 127 15.00 12.00 19.00 88 23.00 16.00 40.00 <0.001 T
Creatinine 318 075 063 0.90 345 096 076 120 103 1.59 1.10 255 <0.001 T
eGFR 318 8921 7737 103.59 345 4854 1026 55.01 103 262 16.86 26.03 <0.001 1
Thick tongue fur (%) 313 52.00 38.00 64.00 337 62.00 44.00 81.00 99 64.00 46.00 84.00 <0.001 T
Fissures 318 4.00 0.00 11.00 345 5.00 0.00 12.00 103 4.00 0.00 14.00 0.103

Ecchymoses 318 200 0.00 6.00 345 1.00 0.00 4.00 103 0.00 0.00 2.00 <0.001 ¢
Teeth marks 318 400 0.00 6.00 345 3.00 0.00 5.00 103 3.00 0.00 5.00 0.003 U
Red dots 318 59.00 32.00 107.00 345 13.00 3.00 34.00 103 7.00 1.00 25.00 <0.001 1

Qu, percentile 25; Qs, percentile 75; P-value by Jonckheere-Terpstra test.
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Out[315]:

XGBRegressor(base_score:

.5, booster="gbtree’, callbacks=None,
colsample_bylevel=1, colsample_bynode=1, colsample bytree=1,
early_stopping_rounds=tione, enable_categorical=False,
eval_metric=None, feature_types=None, gamma=0, gpu_id=-1,
grow_policy="depthuise’, importance_type=one,
interaction_constraints="", learning_rate=0.01, max_bin=2s6,
max_cat_threshold=64, max_cat_to_onehot=a4, max_delta_step=o,
max_depth=3, max_leaves=e, min_child weight=1, missing=nan,
monotone_constraints="()', n_estinators=500, n_jobs=0,
nun_parallel_tree=: ive="reg:linear", predictor='auto’,
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def convert_image_to_array(image_dir) :
try:
image = cv2.imread(image_dir)
if image is not None:
image = cv2.resize(image,
default_image_size)
return img_to_array (image
else:
return np.array([])
except Exception as e:
print (f“Error: {e}”)

return None
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S/N Class Precision  Recall
label

1 Pepper bell 0.95 0.88
bacteria spot

2 Healthy 0.94 1.00 0.97
pepper bell

3 Potato early 1.00 1.00 1.00
blight

4 Potato late 0.97 0.97 0.97
blight

5 Healthy potato 0.89 0.94 0.92

6 Tomato 0.92 0.95 0.93
bacteria spot

7 Tomato early 0.93 0.95 0.94
blight

8 Tomato late 0.94 0.96 0.95
blight

9 Tomato leaf 1.00 1.00 1.00
mold

10 Tomato 0.86 0.93 0.89
septoria leaf
spot

11 Tomato spider 0.95 0.90 0.92
mite

12 Tomato target 0.97 0.97 0.97
spot

13 Tomato yellow 0.97 0.88 0.92
leaf curl virus

14 Tomato 0.97 0.94 0.96
mosaic virus

15 Healthy 0.97 0.88 0.92
tomato

Accuracy 0.94

Weighted average 0.95 0.94 0.94
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S/N Accuracy

1 Maetal. (2018) 93.4%

2 Picon etal. (2019) 87%

3 Durga and Anuradha 85%
(2019)

4 Chen etal. (2020) 92.0%

5 Wang et al. (2021) 97.62%

6 Asani et al.—mPD-App 94%
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Input: image, image dimension
Output: resized image
Get the original dimensions of the image
Calculate the scaling factors for resizing the
image
scale = target dimension/original dimension
Initialize the new resized image
Loop through each pixel in the resized image
Calculate the corresponding position in the
original image
Use bilinear interpolation to get the pixel value
from the original image
Assign the pixel value to the corresponding
position in the resized image

return resized_image
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