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Abstract: [ Objective] This study aimed to construct a neural network model integrating readily available clinical data
and two—dimensional (2D) conventional ultrasound images to evaluate the severity of steatotic liver disease (SLD).
[ Methods] Clinical data and ultrasound images were retrospectively collected from 649 patients who underwent ultrasound

attenuation imaging (ATI). Using ATI as the reference standard, patients were divided into four groups: normal (S0) ,

%5 B #5:2026-02-08 FH BH:2026-04-24

EETE . RE AL B TR 54 (2024A1515012545) 5 I R EE 20798 <735 1180750 H (28QY735202210) ; I Hi BHE I
K155 H (JCYJ20220530144804009 )

TEHE B 5 UL, S —AE  WF5E ) - B R 7512 W7, E-mail : mengwy3@mail2.sysu.edu.cn; BEKES , 905 —1E# , WF5E 71« RIF AL
N Z BRI, E-mail : yaoxrS@mail2.sysu.edu.cn; SZHEE , WAFVEH  MIZUZ B985 17« BEI7 ML AN 2B KA,
E-mail: pengjq7@mail.sysu.edu.cn; RAEVE, IFSTRAFMER , EAELEIG, DF5E 710 JHRE T 2H1, E-mail: xuzf@mail.sysu.edu.cn



55334 SECAN, 25 Rl I R -5 7 PR 22 RS A A TR B 7 > AT A AR 10 T 7320 529

mild (S1), moderate (S2), and severe (S3) SLD. Data were randomly divided into training and validation sets at an 8:2
ratio. A contrastive language—image pre—training (CLIP) model was utilized to extract features from both clinical and
imaging data, which were then used to train random forest (RF) and multilayer perceptron (MLP) models. The diagnostic
performance of these multimodal models was compared their single—modal counterparts in the validation set.[Results] The
MLP model outperformed the RF model (AUC [95%CI]: SO = 0.96 [0.93-0.99], S1 = 0.99 [0.96-1.00], S2 = 0.75
[0.64-0.82], S3 = 0.88 [0.81-0.93]). Furthermore, the multimodal fusion model demonstrated significantly superior
performance compared to single-modal models (clinical data only: AUC [95%CI] of 0.89 [0.81-0.95], 0.69 [0.52—
0.79], 0.64 [0.43-0.67 ] and 0.80 [0.73-0.90 | for SO-S3, respectively; image data only: AUC[95%CI] of 0.91 [0.86—
0.96], 0.89 [0.67-0.89 ], 0.69 [0.58-0.78 | and 0.86 [0.82-0.94 ). Metrics including precision, recall, Fl-score, F2-
score, confusion matrices, and loss function learning curves further confirmed that multimodal data fusion significantly
improved the predictive capability. [ Conclusion] The proposed CLIP-based MLP multimodal model can effectively and
automatically grade SLD severity. This demonstrates the significant advantage of integrating clinical and ultrasound data,
providing an accurate and reliable adjunctive tool for the clinical management of chronic SLD.

Key words: steatotic liver disease; ultrasound images; clinical data; deep learning; attenuation imaging
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Fig.1 Attenuation imaging examination
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A': Subxiphoid transverse view of the left lobe showing the sagittal segment of the left portal vein. B: Left lobe longitudinal view centered on the
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of the right hepatic lobe and upper pole of the right kidney.
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Table 1 Random forest performance comparison: (A) before and (B) after image enhancement

(A)

Class/parameter AUC (95%CI) Precison Recall Fl-score F2-score Accuracy
S0 0.91 (0.87, 0.96) 0.6250 0.853 7 0.721 6 0.7955

S| 0.52 (0.47, 0.75) 0.000 0 0.000 0 0.000 0 0.000 0 05154
s2 0.68 (0.57, 0.76) 0.3659 0.428 6 0.394 7 0.414 4

s3 0.79 (0.75, 0.91) 0.548 4 0.500 0 0.523 1 0.509 0

(B)

Class/parameter AUC (95%CI1) Precison Recall Fl-score F2-score Accuracy
S0 0.94 (0.88, 0.97) 0.587 3 0.902 4 0.7115 0.8150

S| 0.96 (0.92, 0.98) 0.750 0 0.300 0 0.428 6 0.340 9

s2 0.74 (0.64, 0.82) 0.4412 0.428 6 0.434 8 04310 03538
s3 0.83 (0.78, 0.92) 0.560 0 04118 0.474 6 0.434 8
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The framework integrates structured clinical data (26 features, e.g.,
waistline, diabetes history) and liver ultrasound images (5 slices/
patient) for steatosis grading (S0-S3). Clinical features are encoded
into textual embeddings (T1-T26) via CLIP text encoder; images are
processed into visual embeddings (I -Is) by CLIP image encoder.
Concatenated embeddings are classified using either RF or MLP model.
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Table 2 Performance of different models: (A) random forest model (B) multilayer perceptron model

(A)

Class/parameter AUC (95%CI) Precison Recall Fl-score F2-score Accuracy
S0 0.94 (0.87, 0.97) 0.606 6 0.902 4 0.7255 0.8222

sl 0.97 (0.93, 0.99) 0.900 0 0.450 0 0.600 0 0.500 0

s2 0.75 (0.65, 0.84) 0.451 6 0.400 0 0.4242 0.409 4 03923
s3 0.86 (0.76, 0.92) 0.607 1 0.500 0 0.548 4 0.5183

(B)

Class/parameter AUC (95%CI) Precison Recall Fl-score F2-score Accuracy
S0 0.96 (0.93, 0.99) 0.791 7 0.926 8 0.853 9 0.896 2

sl 0.99 (0.96, 1.00) 0.944 4 0.850 0 0.894 7 0.867 3

s2 0.75 (0.64, 0.82) 0.486 5 0.514 3 0.500 0 0.508 5 07000
s3 0.88 (0.81, 0.93) 0.666 7 0.529 4 0.590 2 0.552 1
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Table 3 Performance of different feature extraction methods: (A) only clinical data features (B) only image features

(A)

Class/parameter AUC (95%CI) Precison Recall Fl-score F2-score Accuracy
S0 0.89 (0.81, 0.95) 0.705 9 0.878 0 0.782 6 0.8372

s 0.69 (0.52, 0.79) 0.300 0 0.150 0 0.200 0 0.166 7

s2 0.64 (0.43, 0.67) 0.3929 0.314 3 0.349 2 0.327 4 0361
s3 0.80 (0.73, 0.90) 0.5610 0.676 5 0.613 3 0.649 7

(B)

Class/parameter AUC (95%CI) Precison Recall Fl-score F2-score Accuracy
S0 0.91 (0.86, 0.96) 0.700 0 0.853 7 0.769 2 0.817 8

S| 0.89 (0.67, 0.89) 0.600 0 0.450 0 05143 0.473 7 05462
s2 0.69 (0.58, 0.78) 0.365 4 0.542 9 0.436 8 0.495 1

3 0.86 (0.82, 0.94) 0.615 4 0.2353 0.340 4 0.268 7
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Learning curves of only data features:AUC over epochs
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