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300 RA-ILD patients
Without recent PFT's, n=78

Imcomplete clinicnal data, n=15
Combined with pulmonary infection, n=4

Poor image quality, n=26

177 RA-ILD patients were included
Training cohort, n=124
107 patients with ILD-GAP stage I

63 patients with ILD-GAP stage 11

7 patients with ILD-GAP stage III .
Testing cohort, n=53
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Variables Group | (n=

Female (%) 91(85.05%) 40(57.14%) <0.001

Age, years 58.8 £8.9 715 %55 <0.001
RA duration, years 10.00 [4.00-9.25] 11.00 [4.00-20.00] 0.084
Smoking (%) 7(6.54%) 5(7.14%) 0.876
Lung function
FVC% 7 86.5 + 18.1 66.3 +17.4 <0.001
FEV1% 86.2 + 18.0 67.2 £ 17.0 <0.001
TLC% 83.6 £ 15.7 56.8 + 14.6 <0.001
DLco% 615 +17.7 322 +134 <0.001
Laboratory Examinations
653.90 582.10

ACPA, RU/ml [240.30»1349.50] [138.75-1364.88] 0782
RE-IgA, U/ml 32.77 [8.22-300.00] [64;»81}&40] 0.496

30.01 [6.11-96.76] 400 0.957
RF-IgG, U/ml [4.23-136.63]

127.00 135.00 0.590

RE-IgM, U/ml [33.90-369.00] [40.25-574.00]
TNFa, pg/ml 2.56 [1.68-2.67] 2.00 [1.36-2.56] 0.075
FNY, pg/ml 2.46 [2.27-5.65] 2.46 [1.82-5.05] V 0.745
FNo, pg/ml 1.36 [0.95-2.09] 7 1.50 [0.96-1.88] 0.830
ESR, mm/h 37.50 [23.75-65.25] [18_33;22_00] 0.682
CRP, mg/l 12.35 [2.06-32.95] 7.14 [0.80-22.98] 0.197
K60k [1371196-.25987.30] [261.30776—-58:9.88] <0.001
Disease activity
DAS-28-ESR 351 +1.56 333 = 1,37 0.489
DAS-28-CRP 4.25 + 1.54 4.12 + 146 V 0.611
CT images
g;zi’;lt;‘;m (Ute/ 50 (46.7%) 64.3(64.3%) 0.022
Goh score, % 12 [8-15] 19 [13-27] <0.001
Treatment for RA
Methotrexate 75 (72.8%) 45 (66.2%) 0.353
Methylprednisolone 47 (46.5%) 37 (57.8%) 0.158
Hydroxychloroquine 18 (18.2%) 11 (16.4%) 0.769
Leflunomide 20 (19.8%) 18 (26.9%) | 0.284
Biological agent 69 (67.0%) 30 (44.8%) 0.004

Categorical variables are presented as n (%). Continuous variables are listed as median (inter-
quartile range, IQR) or as mean + standard deviation. n, number of patients; FVC, Forced vital
capacity; FEV1, Forced expiratory volume in 1 s; TLC, Total lung capacity; DLCO, Diffusion
capacity for carbon monoxide; ESR, erythrocyte sedimentation rate; RF, rheumatoid factor;
CRP, C-reactive protein; APLA, anti-phospholipid antibodies; KL-6, Krebs von den Lungen-6;
TNFo,, tumor necrosis factor alpha; IFNY, interferon gamma; IFNo, interferon alpha; DAS,
disease activity score; UIP, usual interstitial pneumonia.
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Odds ratio

Variables (95% CI)

Age 1.27(1.17-1.38) <0.001
Gender 0.30(0.13-0.69) 0.005
RA duration 1.03(1.00-1.07) ‘ 0.068
FVC% 0.91(0.88-0.94) <0.001
FEV1% 0.94(0.92-0.97) <0.001
TLC% 0.89(0.85-0.92) <0.001
DLco% 0.88(0.84-0.92) <0.001
ACPA 1.000(0.996-1.004) 0.936
RFIgM 1.000(0.998-1.001) 0.678
RFIgG 1.000(0.996-1.004) 0.936
RFIgA 0.998(0.995-1.002) 0.347
KL-6 1.007(1.004-1.010) <0.001
TNFo. 1.02(0.97-1.07) 0.457
FNo 1.04(0.94-1.15) 0.419
FNy 0.99(0.91-1.07) 0771
CRP 0.99(0.97-1.00) 0.183
ESR 0.99(0.97-1.00) 0.168
DAS-28-CRP 0.84(0.64-1.11) 0.219
DAS-28-ESR 0.85(0.65-1.11) 0227

CI, confidence-interval; ORs, Odds ratio; FVC, Forced vital capacity; FEV1, Forced expiratory
volume in 1s; TLC, Total lung capacity; DLCO, Diffusion capacity for carbon monoxide; ESR,
erythrocyte sedimentation rate; RF, rheumatoid factor; CRP, C-reactive protein; APLA, anti-
phospholipid antibodies; KL-6, Krebs von den Lungen-6, TNFa, tumor necrosis factor alpha;
IFNY, interferon gamma; IFNo, interferon alpha; DAS, disease activity score.
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Model AUC Model AUC

e Clinic Signature AUC: 0.736 (95%C1 0.642-0.830)
= =+ Rad Signature AUC: 0.939 (95%CI 0.892-0.985)
= Nomogram AUC: 0.948 (95%C1 0.910-0.986)

= Clinic Signature AUC: 0.752 (95%C 0.610-0.895)
==+ Rad Signature AUC: 0.901 (95%C1 0820-0.982)
e Nomogram AUC: 0.923 (95%CI 0.853-0.993)

1 - Specificity
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tabase

Web of Science

Query statement

ALL=(psoriasis) AND
(ALL=(ML) OR
ALL=(DL))

Year of release

2014-2024.04

PubMed

ALL=(psoriasis) AND
(ALL=(ML) OR
ALL=(DL)) AND
(ALL=(segmentation)
OR ALL=(recognition)
OR ALL=(assessment))

IEEE Xplore

ALL=(skin) AND

(ALL=(ML) OR
ALL=(DL))
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taset scripti

XiangyaDerm (29) It contains 107,565 clinical images, covering 541
types of skin diseases.

The largest amount of data in the dataset is
psoriasis, 67,066 images, accounting for 62% of
the total dataset.

Skin diseases image | There are 10 types of skin diseases. Among them,
dataset in Kaggle 2,055 cases of psoriasis were included.
(see text footnote 1)

DermNetNZ (30) It contains 11 different types of psoriasis,
including but not limited to facial psoriasis, nail
psoriasis, scalp psoriasis, etc.

Dermatology Atlas It contains 6 different types of psoriasis, including

(31) but not limited to arthropathic psoriasis, nail
Ppsoriasis, etc.

Hellenic It contains 15 different types of psoriasis,

Dermatology Atlas including but not limited to generalized psoriasis,

(32) guttate psoriasis, inverse psoriasis, etc.
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Reference ber o o e

eg. ta a

age Pso o-P o e e

George etal. (21) 676 - - - - - - -
Dash etal. (22) 5,179 - - R - . R _
Shrivastava et al. (23) - 270 270 B R . R _
Zhao etal. (24) = 900 7,121 . B . R _
Hammad etal. (25) & 2,055 1,677 - - = = =
Shrivastava et al. (26) S ] - 383 47 245 145 28
Shrivastava et al. (27) - - - 218 29 138 165 121
Dash et al. (28) 5,000 5,000 5,000 5,000 845 1,404 1,465 1,286

Pso, Psoriasis; H., Health; Mi., Mild; Mo., Moderate; Se., Severe; V.Se., Very Severe.
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AB LS

Pretrain method Mean (std) test AUC e Mean (std) test AUC
0 x 0.938 (0.007) 0 x 0.812(0.037)
05 | x 0.931(0.010)* 5 X 0824 (0.030)*
05 | v 0936 (0.007)" 5 v 0.820(0.033)
SimCLR 1 x 0934 (0.011) 10 x 0.815(0.035)
1 v 0933 (0.011) 0 v 0.816(0.037)
15| x 0.936 (0.013) 15 x 0.819(0.034)
15 v 0.932(0.012) 15 v 0.798 (0.039)*
0 x 0.914(0.014) 0 x 0.693 (0.044)
05 | x 0914 (0.010)* 5 x 0.694(0.040)
0.5 v 0.883 (0.017)*" 5 v 0.780 (0.040)*"
Barlow Twins 1 x 0.877 (0.022)* 10 X 0.705(0.051)
1 v 0.891(0.018)*' 0 v 0.706 (0.066)
15| x 0.870 (0.024)* 15 x 0769 (0.037)*
15 v 0.892(0.015)* 15 v 0707 (0.071)"
0 x 0917 (0.011) 0 x 0.690(0.042)
05 | x 0.879 (0.024)* 5 x 0.675(0.036)
05 | v 0.879 (0.021)* 5 v 0.679(0.038)
VICReg 1 x 0.872 (0.023)* 10 x 0.680 (0.039)
1 v 0.876(0.024)* 0 Vv 0.675(0.040)
15| x 0.860 (0.026)* 15 x 0.710(0.036)
1.5 v 0.870 (0.021)*" 15 v 0.685 (0.039)
None (ImageNet-pretrained) 0.896 (0.017) 0.783 (0.028)
None (random initialization) 0.774(0.051) 0.507(0.022)

Twenty trials were performed for each pretraining method, value of 8, with and without sample weights (SW). Mean and standard deviation of the test AUC across trials are reported for
cach condition. *Significantly different (p < 0.05) than baseline for the pretraining method where 8 = 0. TSignificantly different (p < 0.05) for particular § when sample weights are applied,
compared to no sample weight.
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Dataset POCUS ParenchymalLUS

Pretraining method Mean (std) test accuracy A/B Test AUC LS Test AUC
Random initialization 0.881 (0.050) 0954 0.790
ImageNet initialization 0.908 (0.043) 0973 0.898
USCL ( ) 0.905 (0.044) 0979 0.874
US UCL ( ) 0.901 (0.054) 0967 0.809
IVPP [SimCLR] 0.926 (0.043) 0980 0.903
IVPP [Barlow Twins] 0.921(0.054) 0.969 0.887
IVPP [VICReg] 0.930(0.046) 0971 0.862
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Unlabeled Labeled
Validation

Patients 5,204 1,540 330 329
Total Videos 20,000 4123 858 936

Images 4,611,063 927,889 191,437 208,648

Videos - 2,100/998 4417197 512/213
A/B line labels

Images - 484,287/216,505 99,132/40,608 116,648 /42,122

Videos - 3,169/477 631/103 707196
Lung sliding labels

Images - 727,205/ 96,771 146,322/23,218 166,753 /21,911

/y indicates the number of negative and positive labeled examples available for each task, respectively. Video labels apply to each image within the video, Note that some videos were not labeled

for both tasks.
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REMENS References Quantity of data Evaluation metrics*

ACCY F1p
PCA; SVM; NB; DT Traditional machine learning (76) 17 0.920 e B
methods
(26) 848 0.999 E 0.999
27) 670 0.998 - 0.998
Dic. L; BoVWs A novel image representation 77) 676 - 0.710 -
and unsupervised feature
extractor method (78) 676 0.808 - -
CNNs Segmentation was performed (28) 5,000 0.926 0.926 0.992

before severity assessment

Semi-automatic vs. automatic (79) 80 - 0.989 -
segmentation algorithms

Segmenting and scoring nail (30) 705 0.765 = =
psoriasis
(1) 300+ 0915 - -
(82) 1,154 0.55 0.55 0.63
Segmenting and scoring (83) 611 0.667 2 :
pustular psoriasis (PP)
Segmenting and scoring large (84) 500 0.942 - -
areas of psoriasis
CNN + ViT (85) 1,018 0.795 0.792 0.950
Direct assessment of psoriasis (86) 705 - - -
severity using CNNs 7 1731 . R R
(88) 14,096 & - :
(89) 5,951 - 0.940 -
(90) 792 0.910 - -
o1 2,700 - - -
Attention 2) 792 0.908 0.930 -

YOLO (93) 2,657 - - -
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Performance metric Formula*

Acc ACC= rrfiiem
Recall Recall = TPZ-‘N
Precision Precision = g
F1-Score Pl =2x heionad

*TP, ture positive; FP, false positive; TN, true negative; FN, false negative.
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Methods REMENS References Quantity of data Evaluation metrics*
ACCt F14 AUCH
PCA; SVM Traditional machine learning (23) 540 1.0 - 1.0
methods.
(51) 90 0.90 N -
CNNs Classify psoriasis vs. other skin (52) 1,358 - 0.922
dlfeasl (including healthy 3 3570 0.801 R R
skin)
(54) 312 0.942 0.942 0.990
(55) 1,876 0.910 = -
(56) 2,101 0.919 0.894 0.959
A publicly available dataset was (57) 938 0.653 0.655 0.904
used for the study.
4) 8,021 0.960 B 0.981
Identify psoriasis from skin (58) 4,740 0.959 - 0.987
lesion such as eczema and
S (59) 11,031 0.920 - -
pityriasis rosea that are
extremely similar to it. (60) 292 0.896 - N
(25) 3,732 0.962 0.958 0.971
(©61) 869 0.857 - -
Identify nail psoriasis from 62) 1,155 0.957 - -
healthy nails.
Light-weighted CNN (63) 33,904 0.70 - -
CNN + ViT (64) 8,000 0.977 0.965 -
Classify different types of (65) 30,000 0.890 0.920
psoriasis.
(66) 1,836 0.987 0958 -
(56) 814 0.933 0919 -
CNN vs. LSTM 67) 1,838 0.842 - -
Light-weighted CNN (68) 12,015 0.998 - 0.99

*ACC, Accuracy; F1, F1-Score; AUC, Area Under Curve.
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Performance metric Formula*

= Xl _ 2xTP
DsC bsc= ILgl+ILyl — FP+FN+(2xTP)
= Lol _ TP
n fE= |LgULp| — TP+FN+FP
— __mPeIN
A6C ACC = Ve

*TP, ture positive; FP, false positive; TN, true negative; FN: false negative.
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Methods REGECS References Quantity of data Evaluation metrics*

DSCY it ACCY
Clustering Image segmentation of lesion @1 676 0.783 0.698 0.870
images using clustering
algorithms from TML models (36) 780 g 0830 0.909
CNN The vast majority of CNN (22) 5179 0.930 0.864 0.948
studies on psoriasis use U-Net
as a segmentation model. Some (37) 350 0910 0.837 0.986
papers also modify it to
improve metrics (38) 500 0948 0901 0992
(39) 255 0.655 0.536 0976
(40) 580 0919 - -
Object detection Utilize object detection models (1) 400 - - 0.972
backbone as feature extraction modules in
their proposed models before
performing psoriasis
segmentation
Optimization These studies leverage CNNs 42) 4200 0.960 0.905 0.970
algorithm where the weights and biases
are optimized using (43) - 0.970 0.920 0.980

optimization algorithms, for
psoriasis segmentation

*DSC, Dice Similarity Index; JI, Jaccard Index; ACC: Pixel Accuracy.
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Accuracy : (TN +TP) /(TN + FP + FN + TP)
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Specificity : TN /(TN + FP)  (4)
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JEre S
Pre o)
YOLOV4 (baseline) n/a 0.84 0.59
Model v1 (2022 Q1) +700 0.97 0.74
Model v2 (2023 Q2) +2474 0.98 083
Model v3 (2023 Q3) +10,133 0.97 083
Model v4 (2024 Q1) +28914 0.98 091
Model v5 (2024 Q2) 434239 097 0.92

Summary of precision and Fl-scores across different versions of the LookDeep Health AT
model, highlighting improvements in key tasks as the training data increased. The baseline
YOLOv4 model demonstrates initial performance levels, while successive versions (Models
V1 to v5) show incremental gains in object detection. With each model iteration, higher
precision and Fl-scores indicate enhanced detection accuracy and classification reliability,
underscoring the impact of additional data and model refinement on real-time patient
‘monitoring capabilities. Evaluation was performed on a fixed dataset containing 10k images.
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Model version Object detection (person) Role classification “Patient alone” classification

Precision (patient F1) ((30)
YOLOV4 (bascline) 098 0.41 n/a 028
Model v1 (2022 Q1) 098 0.85 n/a 0.86
Model v2 (2023 Q2) 097 0.89 n/a 091
Model v3 (2023 Q3) 097 0.86 097 0.88
Model va (2024 Q1) 0.97 0.91 0.98 0.94
Model v5 (2024 Q2) 0.96 0.91 0.98 0.92

Additional results corresponding to are presented here, focusing on object detection of persons, role classification, and “patient alone” classification tasks.
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Unblurred images Face-blurred images AF1

Model version Evaluation data size

() (F1)
Model v3 (2023 Q3) 2,135 0381 0.85 +0.04
Model v4 (2024 Q1) 1,809 0.86 0.90 +0.04
Model v5 (2024 Q2) 1,226 0.89 091 +0.02

Evaluation of model performance on unblurred and face-blurred images across different versions. The F1-score measures the model’s performance, with the “A F1” column showing the gap
between unblurred and face-blurred images. A A value closer to 0 indicates better consistency in model performance between unblurred and face-blurred images.
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The value in bold shows the highest AUC value.
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Learning rate 0.0001
Weight decay 0.0001
Patch size 20
Batch size 20
number of heads 6
Projection dimension 128
Number of training epochs 150
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