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Multi-modal AI for opportunistic screening,
staging and progression risk stratification of
steatotic liver disease

Yuan Gao 1,2,11, Chunli Li 3,11, Wanxing Chang1,2,11, Bai Du 3,11,
Xianghua Ye 4,11, Yee Hui Yeo 5,11, Yingda Xia 2,6, Heng Guo1,2,
Xiaoming Zhang 1,2, Wei Liu 1,2, Ruobing Bai 3, Beibei Li 3, Yang Hong 3,
Jiawen Yao 1,2, Le Lu 6, Kai Cao7, Ke Yan 1,2 , Jun Chen8,9 , Jie Li10 ,
Yang Hou3 , Ling Zhang 2,6 & Yu Shi 3

The global rise in steatotic liver disease poses a significant public health
challenge. While non-contrast computed tomography scans hold promise for
opportunistic detection of steatotic liver disease, their potential for staging
and risk assessment remains underexplored. Here we present a multimodal AI
model trained on a large dataset, comprising of (n=968) histopathologically
and (n=1103) radiologically confirmed cases, validated against both histology
(n=660) and MRI-PDFF (n=375) gold standards, demonstrating high accuracy
in detecting mild to severe steatosis (AUC: 0.904–0.929) and clinically sig-
nificant fibrosis (AUC: 0.824–0.888). Furthermore, integrating the model into
the standard clinical pathway improves primary risk screening in a retro-
spective patient cohort (n=1192), identifying 36% more patients at risk of
fibrosis progression. Using Cox proportional hazard model, we observe that
the intermediate-high risk patients identified by the optimized clinical path-
way exhibits a significantly higher incidence of cirrhosis (hazard ratio: 5.54:
2.69–11.42), showcasing the model’s potential for early detection and man-
agement of steatotic liver disease.

Steatotic liver disease (SLD) has become one of the most prevalent
chronic liver diseases (CLDs)1, affecting an estimated 30.1% of the
global population2. Without effective interventions, this figure is pro-
jected to increase dramatically, reaching 55.7% by 20403. SLD encom-
passes a broad clinical spectrum, ranging from isolated steatosis to
steatohepatitis, which carry an elevated risk of progressing to
advanced liver disease, including cirrhosis and hepatocellular

carcinoma2,4. Moreover, SLD is recognized as an independent risk
factor for cardiovascular disease2,5,6. Recent advances have led to FDA
approval of medications specifically targeting SLD, with several other
promising therapies currently under development7–9. These ther-
apeutic options underscore the critical need for early detection, as
timely intervention can significantly alter the pathophysiological tra-
jectory of the disease and reduce the burden of liver10 and
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cardiovascular complications11. Moreover, scalable screening mod-
alities can enhance the awareness of SLD in population to allow early
intervention and better management4,6.

Despite the increasing prevalence of SLD, current diagnostic and
screening tools have significant limitations. Liver biopsy, although the
gold standard for assessing hepatic steatosis, is invasive and imprac-
tical to detect andmonitor large populations12,13. B-mode ultrasound is
highly operator dependent and lacks the sensitivity to reliably detect
early steatosis. Serum biomarkers, such as the widely used fatty liver
index, also face challenges with time demands and suboptimal
accuracy2,5. Advanced imaging techniques, such asMRI-proton density
fat fraction (PDFF), although being highly sensitive, are often inac-
cessible due to its high costs, limited availability, and time-consuming
nature of each test. Vibration-controlled transient elastography (VCTE)
offers a non-invasive alternative but is not widely available, especially
in resource-limited settings5.

Computed tomography (CT) has been extensively utilized and
investigated for the diagnosis of hepatic steatosis and fibrosis. Con-
ventional non-contrast computed tomography (NCCT) has demon-
strated a well-established correlation with hepatic fat quantification,
validated across multiple studies14,15. Notably, NCCT exhibits high
reliability in detecting moderate-to-severe hepatic steatosis16 and are
widely acquired for patients with various health problems. If NCCT
scans could be adapted to accurately assess SLD and fibrosis risk, they
would provide significant added value beyond their original diagnostic
intent, enabling large-scale opportunistic liver disease screening in
patients undergoing NCCTs. In contrast, postcontrast CT or contrast
enhanced (CECT) poses significant challenges for accurate fat
quantification17,18, primarily due to variability in imaging timing relative
to contrast administration. Recent advancements in photon-counting
CT technology, however, showpromise in addressing these limitations
through improved spectral resolution18. Despite these challenges,
CECT remains widely employed in the evaluation of hepatic fibrosis.
Several CT-based biomarkers have emerged as reliable indicators of
advanced fibrosis and cirrhosis. These include hepatic texture
analysis19, liver surface nodularity (LSN)20, and volumetric parameters
such as liver-segmental volume ratios (LSVR) and splenic volume (SV)
measurements21–23.

Despite encouraging advancements, significant challenges persist
in achieving scalable and robust deep learning (DL) systems for
simultaneous steatosis and fibrosis grading. First, scalability remains a
critical limitation. While DL has been integrated into diagnostic
workflows, most studies rely on conventional biomarkers—such as
hepatic attenuation for steatosis quantification24,25 or combined volu-
metric parameters (e.g., liver-segment volume ratio [LSVR], splenic
volume [SV], and attenuation deviations) for fibrosis detection21.
However, limited research has focused on developing end-to-end fra-
meworks capable of directly mapping CT images to dual diagnostic
outcomes (steatosis and fibrosis) without the conventional bio-
markers. For instance, Choi et al.26 proposed a 3D convolutional neural
network trained on a large-scale dataset but primarily addressed
general liver disease etiologies, omitting in detecting SLD patients and
SLD with risk of fibrosis progression. Additionally, as highlighted in a
recent review27, the scarcity of large-scale datasets with biopsy-
confirmed diagnoses—essential for histological validation—severely
constrains model generalizability and clinical translation. Second,
robustness requires further refinement. Existing studies pre-
dominantly focus on isolated data modalities: either imaging bio-
markers or serum/proteomic markers28–30. Yet, few investigate
multimodal integration, despite evidence that combining imagingwith
clinical data enhances diagnostic accuracy. Composite indices like the
FibroScan-AST (FAST) score and magnetic resonance
elastography–fibrosis biomarker (MEFIB) index31,32 exemplify the
synergistic potential of multimodal approaches. Similarly, integrating
CT-derived imaging biomarkers with clinical features, such as serum

data, could improve SLD detection and fibrosis progression
prediction.

In this study, we sought to develop and validate an end-to-end
multi-modal deep model, named Multi-modal AI for Opportunistic
hepatic Steatosis Screening (MAOSS), that enables flexible integration
of 3D NCCT images, conventional imaging biomarkers, and serum
biomarkers (Fig. 1a) for predicting and grading hepatic steatosis and
fibrosis. MAOSS was trained on a large-scale, heterogeneous dataset
comprising pathologically-confirmed SLD and radiology-reported SLD
cases, and validated across multi-centers and real-world datasets.
Additionally, we aimed to conduct an AI-in-the-loop reader study to
assess the impact of this model on radiologists’ diagnostic accuracy.

Finally, by aligning the steatosis and fibrosis staging capability
with clinical care pathways, our model not only classifies SLD patients
correctly but also stratifies their risk for progression of serious CLDs,
such as steatohepatitis, and advanced liver fibrosis.

Results
MAOSS Leverages the power of multimodal data to differentiate
hepatic steatosis, using a NCCT volume with cropped liver and
numerical data (allowingmissing features) as inputs. It outputs a score,
named the MAOSS score, to characterize the steatosis grade. We
proposed a learning framework (Fig. 8), consisting of an ordinal
regression heads designed to learn steatosis and fibrosis grading from
liver biopsy-derived histology (gold standards), and a curated dis-
tillation head that distills knowledge from the steatosis grades recor-
ded on radiological reports (non-gold standards). Radiology reports
indicate four steatosis grades (none, mild, moderate, and severe)
based on attenuation values12. Together, these components cover a
wide spectrum of study population including those with other CLDs,
makingMAOSS a generalizable tool for opportunistic screening of SLD
patients in a variety of real-world scenarios.

We created three separate models: (i) Unimodal-clinical: the
unimodal-clinicalmodel used only scalar-valued clinical variables from
demographics, serum laboratory tests, physical testing, and CT bio-
markers (supplementary Section 3 for detailed neumerical features)
and project each variable into a feature embedding with a linear layer.
Then, the feature embeddings are processed with a transformer
backbone. Missing features were imputed using the multivariate
imputation by chained equations method with predictive mean
matching33. (ii) Unimodal-image (image-only model): An image enco-
der (Fig. 9a) was designed for extracting texture and image features
from3D liverNCCT. The extracted imagepatch tokenswere processed
with a transformer backbone to predict steatosis grades. (iii) MAOSS
(multimodal model): This framework (supplementary Section 3) used
both the imaging andnumerical features as inputs andprocessed them
with a transformer structure with interleavedmulti-head self-attention
blocks and our proposed Missing-Aware Modality Alignment (MAMA)
module (Fig. 9b). The MAMA module projects multimodal features
into a joint space and predicts the steatosis and fibrosis grade. Further
details of model design can be found in the Methods section.

In our experiments, patients from SHCMU (n = 968) with gold
standards and patients from SHCMU (n = 1 103) with non-gold
standards were included as the development dataset. We conducted
a five-fold cross-validation on the subset of gold standards with 80%
data for training and 20% data for validation in each fold. MAOSS’s
performance for steatosis grading was evaluated on an independent
gold-standard internal test set of patients (n = 191) and a MRI-PDFF
test set of patients (n = 375) from SHCMU, and an external gold-
standard test set of patients (n = 347) from NDTH and FAHZU
combined (Fig. 1b), and a multicenter CECT dataset which contains
paired precontrast phase i.e. NCCT and portal venous phase scans of
patients (n = 122). Both the internal and external datasets were
multimodal and contained both imaging and numerical data with
histology-derived gold standards for patient’s steatosis grades. To
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Fig. 1 | Overview of the study, model development and clinical translation.
a MAOSS was developed using diverse data modalities, including CT scans,
demographic information, physical exams, and serum data. We learn from CLD
patients not only with histologically proven steatosis scores but also from a much
larger and more accessible general population with radiologically reported stea-
tosis. b Development and evaluation datasets. We trained the MAOSS on single-

center data and evaluated its performanceonmulti-center data including histology
or MRI-PDFF proved validation (SHCMU, NDTH and FAHZU) and real-world sce-
narios (UNIFESP and SIPD). c We integrate MAOSS into the standard of care
workflow to stratify patients with steatotic liver disease at risk of progression to
more serious liver conditions, such as steatohepatitis and advanced liver fibrosis.
Created in BioRender. Li, c. (2025) https://BioRender.com/dtsbzp5.
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further testMAOSS’s generalizability for an opportunistic screening,
we evaluated MAOSS on a public dataset of patients (n = 226) from
the UNIFESP and a large-scale real-world dataset of patients
(n = 18, 504) collected from different clinical settings in SIPD. The
real-world datasets represented the general population and con-
tained single-modality image data only. Histology-derived steatosis
grades were not available for this cohort (Table S1). A total of 11
radiologists, including junior, mid-level, and senior professionals,
were involved in assessing whether MAOSS could match or enhance
their performance in differential diagnosis of hepatic steatosis. The
reader study was conducted on the internal gold-standard test set
(n = 191). Finally, we integrated MAOSS into the standard clinical
pathway ((Fig. 1c)) for evaluating its capability for risk stratification
and management of patients with SLD.

MAOSS diagnostic performance for evaluating hepatic steatosis
and fibrosis in the internal and external tests
The MAOSS AUCs for evaluating liver steatosis S0 vs ≥S1, ≤S1 vs ≥S2
and ≤S2 vs S3 were 0.917 (95% CI: 0.866-0.958), 0.922 (95% CI: 0.879-
0.958), and 0.923 (95% CI: 0.871-0.969) in the internal test, and 0.904
(95% CI: 0.866-0.933), 0.934 (95% CI: 0.912-0.954), and 0.963 (95% CI:
0.943-0.979) in the external test. For evaluating liver fibrosis, AUCs for
F0-1 vs ≥F2, ≤F2 vs ≥F3 and ≤F3 vs F3 were 0.888 (95% CI: 0.841-0.931),
0.912 (95% CI: 0.868-0.953), and 0.941 (95% CI: 0.906-0.969) in the
internal test, and 0.824 (95% CI: 0.777-0.866), 0.905 (95% CI: 0.850-
0.954), and 0.930 (95% CI: 0.855-0.990) in the external test. Corre-
sponding sensitivity, specificity, accuracy, positive and negative pre-
dictive values were shown in supplementary Tables S4 and S16. The
metrics for 90% sensitivity and specificity were summarized in sup-
plementary Tables S5–S7 and S17–S18. Of note, for diagnosing hepatic
steatosis (S0 vs ≥S1), MAOSS demonstrated high specificity for stea-
tosis detection, ranging from 90.8% to 100.0%, with sensitivity
between 74.7% and 79.0% across internal and external validation
cohorts. In contrast, fibrosis diagnosis ("F0-1 vs ≥F2”) proved more
challenging, with specificity ranging from 82.7% to 92.9% and sensi-
tivity between 69.3% and 72.7% for detecting clinically significant
fibrosis, at the optimal cutoff.

MAOSS scores were discriminative between the steatosis grades
in both internal and external tests, as shown in supplementary
Fig. S7. MAOSS was also validated against MRI-PDFF (supplementary
Tables S4 and S7) and demonstrated a good generalization with AUC
of 0.929 (95% CI: 0.900-0.955), 0.930 (95% CI: 0.892-0.965), and
0.987 (95% CI: 0.975-0.995) for evaluating hepatic steatosis S0 vs
≥S1, ≤S1 vs ≥S2, and ≤S2 vs S3, respectively. We also trained MAOSS
on a subset of the development set comprising patients with CECT
scans, specifically selecting the portal venous phase for training and
testing, and compared it with the NCCT-trained MAOSS. Table 1
summarizes the results, demonstrating that MAOSS reliably per-
forms on both NCCT and CECT. However, NCCT shows superior
performance for assessing moderate and above steatosis (AUC:
0.916 (95% CI: 0.850–0.970) vs. 0.831 (95% CI: 0.755–0.902),
p < 0.001) and advanced fibrosis (AUC: 0.856 (95% CI: 0.776–0.927)
vs. 0.835 (95% CI: 0.754–0.903), p < 0.01).

Comparison of diagnostic performance between MAOSS,
unimodal-clinical, unimodal-image models, and transient
elastography
Performance of MAOSS, and the three compared models, i.e., unim-
odal-clinical, unimodal-image, and transient elastography-controlled
attenuation parameter (TE-CAP) for evaluating hepatic steatosis S0 vs
≥S1, ≤S1 vs ≥S2, and ≤S2 vs S3 was shown in Fig. 2. For diagnosing
moderate to severe hepatic steatosis ≤S1 vs ≥S2, MAOSS’s AUC is also
superior to the three compared models in both the internal and
external testing (0.922 (95% CI: 0.879-0.958) vs. 0.886 (95% CI: 0.833-
0.932), 0.913 (95% CI: 0.867-0.949), and 0.841 (95% CI: 0.777-0.894),
p = 0.007, 0.237, and 0.025, respectively, for internal testing; and
0.934 (95% CI: 0.912-0.954) vs. 0.886 (95%CI: 0.856-0.916), 0.916 (95%
CI: 0.889-0.941), and 0.867 (95% CI: 0.834-0.901), p < 0.001, =0.001,
and < 0.001, respectively, for external testing). For diagnosing severe
hepatic steatosis ≤S2 vs S3, MAOSS AUC was not significantly higher
than those of the three compared models (p =0.13, 0.203, and 0.136,
respectively) in the internal testing but significantly higher than those
of the three compared models (p < 0.001, 0.019 and < 0.001,
respectively) in the external testing (Supplementary Table S30). For
diagnosing advanced fibrosis to cirrhosis (≤F2 vs ≥F3), MAOSS
demonstrated superiority over single-modality models and transient
elastography–liver stiffnessmeasurement (TE-LSM), as shown in Fig. 3,
in both internal and external testing. In internal validation, MAOSS
achieved anAUCof0.912 (95%CI: 0.868–0.953), outperforming single-
modality models (0.844 (95% CI: 0.788–0.895), 0.759 (95% CI:
0.686–0.825), and TE-LSM 0.749 (95% CI: 0.680–0.818))(p <0.001,
p <0.001, and p <0.001, respectively). In external validation, MAOSS
yielded an AUC of 0.905 (95% CI: 0.850–0.954), surpassing single-
modality models (0.858 (95% CI: 0.798–0.907), 0.763 (95% CI:
0.705–0.817), and TE-LSM 0.738 (95% CI: 0.687–0.787)) (p <0.001,
p =0.012, and p <0.001, respectively), as detailed in Supplementary
Table S31.

Ablation study
We investigate the effectiveness of the main components on the vali-
dation set by excluding one of them from the full setting of MAOSS.
Table S2 (in supplementary) shows that boosted distillation sig-
nificantly improves the model performance in each group and overall
it brings about 2% and 1.4% increments in mean-BACC andmean-AUC.
Randommaskof image tokens only gives amoderate increase inmean-
AUC but the increase is barely observed in mean-ACC. By removing
numerical features, the single modal setting learned with images
achieves an mean-BACC and mean-AUC of 85.3% and 89.2% which
shows about 0.8% and 1% drop in mean-BACC and mean-AUC respec-
tively, compared with multi-modal learning. Lastly, we found that
texture encoding is especially important for improving the detection
in the early stage of steatosis i.e. mild-moderate. With texture encod-
ing, it increases the BACC by approx. 3% and 1.8% in identifying mild
andmoderate steatosis, respectively. To interpret the learnedmodels,
we utilize t-SNE34. Figure S4 (in supplementary) display the full setting
of MAOSS, we observe that the learned ordinal regression and curated
distillation tokens converge towards different vectors, indicating they

Table 1 | Evaluating MAOSS performance on staging liver steatosis and fibrosis between different CT modalities - NCCT and
CECT (portal venous phase)

CT Modality AUROC

≤S1 vs ≥S2 F0-1 vs ≥F2 ≤F2 vs ≥F3 ≤F3 vs F4

NCCT 0.916 (0.850, 0.970) 0.835 (0.751, 0.897) 0.856 (0.776, 0.927) 0.901 (0.790, 0.986)

CECT 0.831 (0.755, 0.902) 0.829 (0.747, 0.894) 0.835 (0.754, 0.903) 0.880 (0.816, 0.936)

p-value 2.58e-04 0.292 0.007 0.007

Delong tests were performed and a two-sided p value less than 0.05 was considered statistically significant between the compared modalities.
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have learned distinct distribution of the data. This aligns with our
expectations since they were trained with the GS and NGS datasets,
respectively. By averaging the token embeddings i.e., 12 xord +

1
2 xdist , we

note the distribution of the joint representation with well-defined and
-separated clusters with clearer decision boundaries compared to
either of the tokens standing alone.

Comparision with other state of the arts
We compare with three groups of methods: 1) imputing-based meth-
ods that are trained with biometrics data in a single modal setting

where two classic methods are compared: Multiple Imputation by
Chained Equation (MICE)33 and Imputation by K-nearest neighbor35. 2)
We compare state-of-the-art image-based methods trained in a single
modality setting, including the classic CNN model ResNet36 and the
transformer-based model DeiT37. Additionally, we evaluate the texture
encoding method, DeepTen38. 3) multi-modal learning methods with
missing modalities that are trained on image and biometrics together.
MultiPrompt39 is a strong baseline to investigate missing-aware
prompt tuning on pre-trained models and we compare it with the
input prompt setting in our work. In supplementary Table S3, we

Fig. 2 | Comparison of diagnostic performance of MAOSS, Unimodal models
and TE-CAP on internal and external testsets for histology-proved hepatic
steatosis.Receiveroperating characteristic (ROC) analysis of comparedmodels for
classification of dichotomized histologically determined hepatic steatosis grades:
a on internal test dataset and c. on external test dataset; Individual classification
metrics (BACC, F1, Sensitivity, Specificity)were calculated basedon 1000bootstrap

replications of the test datasets and reported with mean and 95% CI for compared
models: b on internal test dataset and d on external test dataset. BACC: balanced
accuracy, F1: F1 score, CI: confidence interval, TE-CAP: transient elastography-
controlled attenuation parameter. For more details, please check supplementary
Tables S4--S10. Source data are provided as a Source Data file.
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observe that multimodal-learning methods overall outperform the
single modal learning with imputaion by a large margin, which is as
expected since rich information in the image representation is lever-
aged by joint learning with clinical features. Our proposed method
surpasses the strongmultimodal baseline presented by ref. 39 on both
internal and external tests, demonstrating its superior capability in
managing missing modalities and leveraging the relationship between

image and clinical features. Notably, due to the unavailability of clinical
features in the MRI-PDFF dataset, both our method and the baseline
achieve similar AUCs across each group. This underscores the critical
importance of clinical features in enhancing model performance.
Without these features, both our approach and the baseline are
reduced to relying solely on image data, thereby limiting their
performance.

Fig. 3 | Comparison of diagnostic performance of MAOSS, Unimodal models
and TE-LSM on internal and external testsets for histology-proved liver fibro-
sis. Receiver operating characteristic (ROC) analysis of compared models for
classification of dichotomized histologically determined hepatic fibrosis grades:
a on internal test dataset and c. on external test dataset; Individual classification
metrics (BACC, F1, Sensitivity, Specificity)were calculated basedon 1000bootstrap

replications of the test datasets and reported with mean and 95% CI for compared
models: b on internal test dataset and d on external test dataset. BACC: balanced
accuracy, F1: F1 score, CI: confidence interval, TE-LSM: transient elastography-liver
stiffness measurement. For more details, please check supplementary
Tables S16–S21. Source data are provided as a Source Data file.
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Model interpretation
To interpret the learning outcomes of MAOSS, we employ an attribu-
tion technique called Integrated Gradients (IG)40. This machine
learning-based method is designed to visualize the influence of dif-
ferent input components on the model’s output using heatmaps,
where larger values indicate a higher degree of influence. By attribut-
ing the outputMAOSS score to the input 3D-liver image, IG allows us to
visualize the specific alterations caused by steatosis in the liver at the
voxel level. Additionally, it demonstrates that our MAOSS model has
effectively learned the features associatedwith steatosis. Given thatCT
attenuation is a critical feature associated with steatotic changes, we
examined the distribution of liver attenuation and integrated gra-
dients. Figure 4a present the density plots for liver attenuation
(Hounsfield units) and IG values across different steatosis grades
(S0-S3), demonstrating a clear stratification among these grades.
Notably, the IG values exhibit distinctive distributions across different
steatosis grades, with severe steatosis (S3) showing a distinct peak and
narrower spread compared to other grades. This indicates that the IG
method effectively captures variations in voxel intensities associated
with different degrees of hepatic steatosis. The scatter plot illustrates
the joint distribution of liver attenuation and IG, which demonstrates
an exponential correlation of IG values and liver attenuation values.
Figure 4bprovides an intuitive spatialmappingof IGon3D liver images
for representative cases across various steatosis grades, validated
against corresponding MRI-PDFF measurements. As depicted, with
increasing fat infiltration, the IG exhibit increasingly heterogeneous
patterns, with elevated values localized in regions of pronounced fat
accumulation. The spatial distribution of fat accumulation closely
aligns with the MRI-PDFF reference, not only in uniformly distributed
steatosis cases (Fig. 4b) but also in non-uniform steatosis cases
(Fig. 4c). This observation suggests that MAOSS is capable not only of
distinguishing between steatosis grades but also of effectively identi-
fying regions of interest where steatotic alterations occur within
the liver.

MAOSS performance for real-world opportunistic screening
Figure 5 demonstrates the performance of MAOSS in opportunistic
screening on a large-scale real-world NCCT dataset. We collected real-
world data from a public source (UNIFESP) as well as in a hospital with
inpatient, outpatient, emergency, and physical examination cohort.
Overall (Fig. 5a), the physical examination scenario exhibited the
highest volume of total scans (n = 6 051), followed by emergency
(n = 4 546), outpatient (n = 4 231), and inpatient (n = 3 450). The public
dataset UNIFESP has the fewest number of scans (n = 299). The dis-
tribution of chest and abdominal scans also varied significantly across
the considered clinical scenarios. For instance, nearly 98.9% of the
scans (n= 5985) in thephysical examination scenariowere chest scans;
similarly, chest scansweredominant in the other scenarios. The results
(Fig. 5b, c) illustrate the concordance betweenMAOSSand radiological
reports for non-hepatic steatosis (Non-HS) and hepatic steatosis (HS)
classifications. We found a high concordance rate between the HS
cases reported by MAOSS and radiological reports across different
scenarios. The concordance rate i.e. recall (HS) in physical examina-
tion, inpatient, outpatient, emergency, and UNIFESP was 96.6% (821
out of 850 scans), 93.5% (272 out of 291 scans), 92.8% (450 out of
485 scans), 92.3% (632 out of 685 scans), and 92.1% (186 out of
202 scans), respectively. For non-HS identification, there was also an
almost perfect agreement between MAOSS and radiological reports:
the concordance rate i.e. precision (Non-HS) in physical examination,
inpatient, outpatient, emergency, and UNIFESP was 99.4% (4573 out of
4602 scans), 99.3% (2544 out of 2563 scans), 98.9% (3274 out of
3309 scans), 98.3% (2985 out of 3038 scans), and 82.4% (75 out of
91 scans), respectively. Cohen’s kappa reflected theoverall inter-reader
agreement between MAOSS and radiological reports, varying across
different scenarios ranging from 0.383 (inpatient) to 0.704 (UNIFESP).

Most disagreements occurred in cases where radiologists reported
non-HS scans, but MAOSS identified mild steatosis in some of them.
Radiologists appeared to be less sensitive to mild steatosis (see next
session) andmight havemisreported these cases,which could account
for the observed discrepancies. We bootstrapped test samples in each
scenario 1000 times and computed theMAOSSAUC. Figure 5d showed
that the distribution of AUCs was notably high across all scenarios,
indicating excellent discriminatory power. Particularly, the physical
examination scenario showed the highest AUC, suggesting the super-
ior performance of MAOSS screening in the general population. When
stratified by scan type (Fig. 5e, f), chest CT scans yielded higher AUCs
or Cohen’s kappa compared to abdominal scans in most scenarios.
Overall, MAOSS demonstrated reliability for examining NCCTs across
multiple real-world clinical scenarios, with moderate to substantial
inter-reader agreement with radiologists’ reports. This affirms its
potential utility in augmenting radiological assessments in clinical
practice.

MAOSS-augmented reader study for improving radiologists’
assessment of hepatic steatosis
We invited radiologists (n = 11) at different levels of the profession to
differentiate the steatosis grades on NCCTs with and without the
assistance of MAOSS. In the multi-reader multi-case study (Fig. 6a),
radiologists with the assistance ofMAOSS had significantly higher AUC
than radiologists’ standalone diagnoses in two conditions: S0 vs ≥S1
(0.798 (95%CI: 0.741–0.855] vs 0.709 [0.70–0.749];p<0.001), and ≤S1
vs ≥S2 (0.851 [95% CI: 0.806–0.895] vs 0.821 [0.774–0.870]; p = . 043).
Similar results were observed across all radiologist’s subgroups
(Figs. S10–S12). MAOSS assistance was not significant for improving
the radiologist’s diagnosis (p = 0.494) of severe steatosis ≤S2 vs S3, as
severe steatosis can be easily diagnosed on NCCT.

Figure 6b shows the MAOSS ROC curves with 95% CI and indivi-
dual radiologist performance for grading steatosis with and without
the assistance of MAOSS. We found that without the aid of MAOSS,
radiologists generally had very high specificity of diagnosis regardless
of their levels of the profession. Still, their sensitivity was insufficient
for differentiating steatosis at different stages. With the assistance of
MAOSS, radiologists’ sensitivity was generally improved by a large
margin whilemaintaining a high specificity. Overall, mid-senior groups
perform generally better than the junior groupswith the aid ofMAOSS
for diagnosis. Figure 6c shows the balanced accuracy for the individual
radiologists. An improvement in balanced accuracy with the aid of
MAOSSwas observed for each of the 11 radiologists, ranging from 1.8%
to 16.5%, 1.2% to 18.1%, and 1.9% to 14.9% for differentiating S0 vs ≥S1,
≤S1 vs ≥S2 and ≤S2 vs S3, respectively. Figure 6d grouped the balanced
accuracy by levels of radiologist’s profession. Generally, the trend of
balanced accuracy for grouped radiologists was similar to the results
observed for individual performance.

Primary risk stratification of patient identified with hepatic
steatosis
To evaluate the potential of MAOSS to transform the current standard
of care of steatosis patients, we embed MAOSS into the American
Association for the Study of Liver Diseases (AASLD) clinical practice
guidance41 for screening and referring patients established with stea-
tosis whomay be at risk of progression to more serious CLDs. We also
compare it with the standard clinical flow that uses transient elasto-
graphy. Of note, although the emphasis of risk stratification in the
primary care setting is to exclude advanced fibrosis i.e., ≥F3with a high
negative predictive value, it is also of great significance for identifying
patients with at-risk steatohepatitis i.e., NAFLD activity score (NAS) ≥4
and clinically significant liver fibrosis ≥F2, who may benefit from a
therapeutic intervention29,41.

We established a large cohort of 1192 patients (see method sec-
tion) in which liver biopsy confirmed 145 patients with NAS≥4 and
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fibrosis ≥F2, i.e., at risk of steatohepatitis progression. The rest 1,047
patients are at low risk. We compared the AASLD standard practice,
referred to as the AASLD pathway, with our proposedMAOSS pathway
(Fig. 7a and supplementary Fig. S13) for evaluating patients with
hepatic steatosis who are at risk of steatohepatitis progression. The
proportion of intermediate-high risk populations identified by AASLD
pathway and MAOSS pathway (Fig. 7b) was 6.9% (82/1192) and 21.9%
(261/1192), respectively. Figure 7c demonstrates that MAOSS pathway
(MAOSS + FIB-4 + FAST) exhibited a sensitivity of 52.4% (95% CI:

44.0–60.8%), outperformed the 16.6% (95% CI: 10.6–22.8%) sensitivity
observed for AASLD pathway (CAP+FIB-4+LSM) by a large margin
(p < 0.001). The corresponding negative predictive value for the
MAOSS pathway was 92.6% (95% CI: 90.9–94.3%) compared to 89.1%
(95% CI: 87.4–90.9%) for AASLD pathway (p = 0.003). We also found
that the MAOSS pathway improved the odds (supplementary
Table S35) for identifying patients at risk of steatohepatitis (odds ratio
5.12 (95% CI: 3.51-7.49); p < 0.001) compared to the AASLD pathway
(odds ratio: 3.38 (95% CI: 1.93-5.76); p < 0.001). These results verified

Fig. 4 | Visualization and interpretation of MAOSS saliency (integrated gra-
dients) for grading steatosis on NCCTs. a Density plots show histologically-
derived testset (internal and external) distribution of mean liver attenuation (in
Hounsfield units), mean liver integrated gradients (IG), liver attenuation against
integrated gradients for whole liver, showing MAOSS learned an exponential
association between IG and liver attenuation with distinctive joint distribution.
b The 3D saliency mapping of IGs overlaid on the cropped liver region in NCCTs
from different viewpoints demonstrates that IGs spatial distribution in correlation

with steatotic alternationonMRI-PDFF. Patient A: 66 year-oldmalewith overall liver
MR-PDFF 2% without steatosis. Patient B: 57 year-old female with MR-PDFF 14%
(mild-moderate steatosis). Patient C: 53 year-old female with MR-PDFF 37% (severe
steatosis). c The saliencymap of MAOSSmatches findings of steatotic (red arrows)
and non-steatotic areas (white arrows) on MRI-PDFF maps in the non-uniformly
distributed steatosis cases. None (S0), mild (S1), moderate (S2), and severe (S3)
steatosis.
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that the MAOSS pathway was superior to the AASLD pathway for
identifying steatosis patients who are at risk of steatohepatitis
progression.

Identifying patients at-risk of advanced liver fibrosis
A total of 122 patients, accounting for about 10% (122/1192) of the
whole screened population, were confirmed with liver biopsy who
developed advanced liver fibrosis ≥F3. Again, we applied the AASLD
andMAOSS pathway for a risk stratification to detect patients at risk of
advanced fibrosis. The results were summarized in supplementary
Table S37. We found the MAOSS pathway again was significantly
superior to the AASLD pathway for identifying patient at risk of
advanced fibrosis. The sensitivity of the MAOSS pathway was 59.1%

(95% CI: 50.7–67.4%), significantly higher than that of the AASLD
pathway’s 23% (95% CI: 15.6–30.5%) (p < 0.001). MAOSS pathway also
demonstrated a superior (p=0.002) capability for excluding advanced
fibrosis patients with a higher NPV of 94.6% (95% CI: 93.2–95.9%),
compared with that of the AASLD pathway’s 91.5% (95% CI:
89.9–93.0%).

Association between different risk stratification pathways and
incidence of hepatic cirrhosis
We followed up a subgroup of patients (n = 236) from the risk strati-
fication cohort with liver fibrosis stages F0-F3 at baseline. Among
these, 39 (16.5%) progressed to cirrhosis during follow-up. The pro-
gression rates to cirrhosis were 9.6% (8/83) in F0, 10.2% (9/88) in F1,

Fig. 5 | Real-world clinical scenarios validation. a distribution of NCCT scans
(chest/abdomen) collected from different real-world scenarios and prevalence of
hepatic steatosis (HS). b Contingency tables for comparing the MAOSS diagnosis
with the radiologist’s diagnosis. c Recall and precision of MAOSS. d Overall area
under ROC curve (AUC) of MAOSS under different real-world scenarios using

radiology report as reference. e AUC and f Cohen’s kappa, measuring the inter-
reader agreement between MAOSS and radiology report, are stratified by the scan
type. AUCs and Cohen’s kappas were calculated based on 1000 bootstrap repli-
cations of the test datasets and reportedwithmedian, IQR: 25th-75th percentile and
whisker bounds. Source data are provided as a Source Data file.
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30.8% (12/39) in F2, and 38.5% (10/26) in F3 cohorts, during a median
follow-up of 2.3, 2.2, 1.7, and 2.1 years, respectively (supplementary
Figs. S14 and S16). Cause-specific proportional subhazards analysis,
based on the Fine and Gray method42, was used to assess the associa-
tion between the different risk stratification pathways (AASLD and
MAOSSpathways) and the time to developing cirrhosis, accounting for
competing events. We conducted an ablation study on both pathways
to investigate the single and combined predictors for identifying at-
risk patients. The median duration of follow-up was 2.3 years (IQR,

1.7–3.3 years) in the low-risk group and 1.6 months (IQR,
0.2–2.8 months) in the intermediate-high-risk group when stratified
using the MAOSS pathway. In these groups, 24 out of 203 patients in
the low-risk group and 15 out of 33 patients in the intermediate-high-
risk group progressed to cirrhosis, corresponding to cirrhosis rates of
11.8% and 45.5%, respectively. Figure 7d and e depicted the cumulative
incidence of hepatic cirrhosis across risk groups, showing a sig-
nificantly longer time to cirrhosis in the predicted low-risk group
compared to the intermediate-high risk group (AASLD pathway,

Fig. 6 | Performance comparison of MAOSS and practicing radiologists when
unassisted and assisted by MAOSS. a Primary comparison of the area under ROC
curves (AUCs) in the multi-reader multi-case study: Delong tests were performed
and a two-sided p value less than 0.05 indicates the significant difference between
the compared groups.bMAOSS ROCcurves (mean and 95%CI band) and individual
reader operation point when staging HS at different stages. c Individual reader

balanced accuracy with or without MAOSS assistance. d Balanced accuracy of
grouped readers, both with andwithoutMAOSS assistance, was reported using the
mean and standard deviation (SD) of individual’s balanced accuray across all
readers (Average, n = 11), mid-seniors (n = 6), and juniors (n = 5). Source data are
provided as a Source Data file.
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p = 0.026; MAOSS pathway, p < 0.001). In univariable Cox regression
analysis, intermediate-high risk identified by the MAOSS pathway was
associated with a higher incidence of cirrhosis (hazard ratio, 5.54; 95%
CI: 2.69-11.42; p < 0.001). Multivariable Cox regression analysis also

revealed that intermediate-high risk identified by the MAOSS pathway
independently predicted subsequent cirrhosis in baseline patients
(hazard ratio, 5.56; 95% CI: 2.41-12.81; p < 0.001) (Supplementary
Tables S38 and S39).

Fig. 7 | Clinical application of MAOSS and comparison to standard of care
Referral (to GI/Hepatology Specialists) Pathways. a Current AASLD clinical
workflow41 for screening steatotic liver disease patients who are at risk of pro-
gression (AASLD pathway), with MAOSS embedded (MAOSS pathway). b SLD
patients stratified into low, intermediate and high risk with AASLD/MAOSS path-
way. c Comparison AASLD andMAOSS pathway for identifying SLD patients at risk
offibrosis progression. Competing risks analysis shows the cumulative incidenceof

a subgroupof patients (n = 236)whodeveloped cirrhosis at the end (n = 39). Kaplan
Meier plots. d Show stratification of patients according to the AASLD pathway.
e show stratification of patients according to the MAOSS pathway. Shaded areas
represent 95% CIs for the cumulative incidence curves. Gray’s test was used to
assess differences in rates of cirrhosis incidencebetweengroups. Two-sidedp value
less than 0.05 was considered statistically significant. Source data are provided as a
SourceDatafile. Created inBioRender. Li, c. (2025)https://BioRender.com/ohxalky.
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Discussion
We introduce an end-to-end multimodal deep learning model named
Multi-modal AI for Opportunistic Hepatic Steatosis Screening
(MAOSS). This model seamlessly integrates data from 3D NCCTs,
conventional imaging biomarkers, and serum biomarkers to detect
and grade the severity of hepatic steatosis. Recognizing the potential
unavailability of serum biomarkers for some patients, MAOSS is
designed to accept flexible input, accommodating missing features.
Traditionally, diagnosing steatosis and fibrosis with NCCTs has
depended on conventional biomarkers, which often lack accuracy.
Given the limited availability of the gold standard (liver biopsy), there
have been few attempts to build deep learningmodels, and the impact
of multimodal representation on diagnostic accuracy remains under-
explored. MAOSS leverages data from patients with CLDs, where gold
standards are available, and enhances model performance with diag-
nostic information from broader and more accessible radiological
reports. We extensively validated MAOSS on both histologically and
MRI-PDFF-confirmed steatotic liver disease patients, achieving high
performance with an AUC of 0.904-0.929 for detecting mild to severe
steatosis—significantly surpassing standalone radiologist performance
(AUC 0.709) and diagnosis with MAOSS assistance (AUC 0.798).
Beyond its performance, MAOSS provides explainability through
Integrated Gradients, aligning steatotic alterations with MRI-PDFF
mappings. Furthermore, by integrating MAOSS with standard clinical
workflow, we conducted a simulated primary risk screening on a large
retrospective CLD cohort. Compared to AASLD risk stratification
pathway, our optimized approach identified significantly more SLD
patients at risk of steatohepatitis and advanced fibrosis while main-
taining a high negative predictive value for excluding low-risk patients.

MAOSS demonstrates high performance in large-scale, gold-
standard-validated datasets for differentiating steatosis, out-
performing conventional CT-basedmarkers by a significant margin (as
detailed in supplementary Table S28) and potentially matching the
accuracy of advanced proteomics approaches. Previous studies have
demonstrated the potential of NCCT scans being used for opportu-
nistic screening of hepatic steatosis in large population24. However,
one limitation of these NCCT studies is that they were not thoroughly
validated against gold standards, and their accuracy remains uncer-
tain. Until a recent radiomics study, LARI43, developed logistic
regression models that investigated conventional CT biomarkers and
shape- and texture-based radiomics features. These models were
validated against both proton magnetic resonance spectroscopy
(1HMRS, n = 350) and liver biopsy gold standards (n = 159). The study
demonstrated strong discriminative performance for detecting hepa-
tic steatosis (S0 vs ≥S1), with AUCs ranging from 0.82 to 0.91 when
validated against 1HMRS and from 0.71 to 0.76 when validated against
liver biopsy. Another deep learning study on ultrasound images44

validated against with a small gold standard dataset (n = 199) and
reported AUCs of 0.85, 0.73 and 0.67 in differentiating steatosis for S0
vs ≥S1, ≤S1 vs ≥S2 and ≤S2 vs S3. In addition to imaging, non-imaging
data also shows great promise for identifying steatosis. A study pub-
lished in ref. 30 investigated proteomicmarkers for detecting steatosis
and demonstrated excellent discriminative ability for differentiating
between S0 and ≥S1, with an AUC of 0.91 based on a small dataset
referenced against histology gold standards. Despite the potential of
proteomics for diagnosing steatosis, it is not an ideal tool for large-
scale screening due to limited scalability and high costs. Other
studies45 have attempted to combine imaging data with more easily
acquired serummarkers, showing very promising results, especially in
improving the detection ofmild steatosis. These findingsmotivated us
to develop and validate an AI tool, MAOSS, which achieves high pre-
cision for screening steatosis in large populations using easily acces-
sible datamodalities, specificallyNCCT scans and serum tests.Wehave
extensively validated MAOSS using both liver biopsy and non-invasive
MRI-PDFF gold-standard datasets. The results demonstrated high

accuracy in detecting steatosis for S0 vs ≥S1, achieving AUCs ranging
from 0.90 to 0.92 in internal and external liver biopsy validations, and
anAUCof0.93 inMRI-PDFF validation. This performance is onparwith
proteomics AUC 0.9130 and outperforms the state-of-the-art radiomics
model LARI43- AUC 0.76, and notably MAOSS leverages a much larger
scale of gold standards validation. Additionally, we compared MAOSS
with conventional CT-based markers used in clinical practice, asses-
sing steatosis through liver attenuation, liver-to-spleen ratio, and liver-
to-spleen difference, as well as fibrosis-related markers like liver seg-
mental volume ratio (LSVR), liver surface nodularity (LSN), and splenic
volume (SV). We reported a logistic regression model trained on the
conventional markers collectively (supplementary Table S28), achiev-
ingAUCs ranging0.75-0.78 fordifferentiating S0vs≥S1when validated
against liver biopsy. This performance is comparable to the result
reported by LARI43- AUC 0.71 and significantly higher than the AUCs of
individual CTmarkers validated separately, which ranged from 0.55 to
0.67. Specifically, the results (in supplementary Table S26) show that
MAOSS has significantly higher balanced accuracy (internal: 87.5%
[95% CI: 84.3–90.8%], external: 88.0% [95% CI: 84.0–91.0%]) compared
to these conventional CT-based markers in both internal (range from
59.1% to 61.9%) and external validation (range from 70.3% to 74.6%).
This advantage extends to fibrosis assessment, as indicated in Sup-
plementary Table S29, where MAOSS consistently achieves sig-
nificantly higher AUCs compared to multivariable logistic regression
models21 using conventional markers, regardless of fibrosis stage.
Furthermore, incorporating LSN, LSVR, and SV substantially enhances
MAOSS’s performance in identifying cirrhosis, as demonstrated in
Supplementary Table S32. To evaluate the robustness of MAOSS var-
ious clinical and CT settings, we evaluated internally and externally the
influence of the patient and CT characteristics on the performance of
MAOSS for liver steatosis and fibrosis staging (Supplementary
Tables S11–15 and S22–25) and also the real-world scenarios for liver
steatosis staging (Supplementary Table S33). MAOSS demonstrated
stable and generalizable performance, with no clinically relevant dif-
ferences in model performance across key clinical and CT character-
istics. MAOSS showed slightly better discrimination of liver fibrosis/
cirrhosis in abdomen scans compared to chest scans. This may be
attributed to the fact that chest scans often include incomplete seg-
mentation of the liver and spleen, leading to inaccurate estimates of
volumetric markers such as the LSVR and SV. Furthermore, thin slices
(3mm or less) were found to perform better than thick slices (5mm)
for detecting early-stage liver fibrosis, a finding consistent with those
reported in a recent study46. This could be due to the higher spatial
resolution provided by thin slices, which enhances the detection of
subtle structural changes in liver tissue architecture.

Our analysis reveals that radiologists’ diagnoses using conven-
tional CT biomarkers lack sensitivity in detecting steatosis, whereas
MAOSS demonstrates the potential to significantly improve diagnostic
performance. Our findings indicate that when radiologists diagnose
steatosis independently, they demonstrate a high specificity for diag-
nosing steatosis (≥S1) cases, with an average specificity of 99.5%± 1.4%.
However, the sensitivities for detecting steatosis (≥S1) remain low,with
juniors achieving 41.0% ± 7.8% and mid-seniors 43.5% ± 6.2% (Supple-
mentary Fig. S20). Despite the low sensitivities, these results still out-
perform diagnoses made using single CT-based biomarkers alone.
Specifically (supplementary Table S26), liver attenuation achieved a
sensitivity of 24.1% (95% CI: 17.8–30.6%) at 100% specificity, while the
liver-spleen ratio had a sensitivity of 18.1% (95% CI: 12.7–23.9%) at the
same specificity. The liver-spleen difference demonstrated sig-
nificantly higher sensitivity at 80.6% (95% CI: 74.9–86.1%), but its spe-
cificity wasmarkedly lower at 74.6% (95%CI: 53.6–93.3%). Radiologists,
when collectively assessing thesemarkers, achieve high specificity, but
the sensitivity remains unsatisfactory. This implies a limitation in the
current standard practice for diagnosing steatosis from CT scans,
where conventional CT biomarkers are insensitive in differentiating
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between S0 and ≥S1. Park et al.47 proposed a 4-point visual grading
criterion for scoring the steatosis grade on NCCTs and conducted a
reader study with 6 radiologists involved and with the criterion,
average AUC for differentiating the moderate to severe steatosis i.e.,
≤S1 vs ≥S2 was ≥0.90 and the specificity for ruling out S0-S1 steatosis
was high ranging 99.4%- 99.8% similar to our finding. However, this
work did not investigate the more challenging differentiating mild-
severe steatosis i.e., S0 vs ≥S1. We demonstrate for differentiating S0
vs ≥S1, MAOSS not only achieved a high AUC of 0.917 but also helps
radiologists improve theAUC significantly, overall from0.709 to0.798
for a multi-reader multi-case study in all 11 radiologists with different
levels of experience. Moreover, although MAOSS was trained using
liver biopsy-derived steatosis grades, which may be subject to sam-
pling error, we further validated themodel on a large dataset (n = 375)
with MRI-PDFF as the reference standard. In this context, MAOSS
achieved a comparable AUC of 0.929 for differentiating S0 vs ≥S1,
indicating its effectiveness and suggesting that it is not biased towards
biopsy-derived gold standards.

The efficacy of MAOSS is further demonstrated through popula-
tion screening using NCCT data collected from diverse clinical set-
tings. Our findings underscore MAOSS’s potential as a highly accurate
and scalable tool for the opportunistic screening of hepatic steatosis in
large populations utilizing NCCT scans. Among the identified steatosis
patients, we compared the performanceofMAOSSwith theControlled
Attenuation Parameter (CAP) obtained via transient elastography to
further identify SLD patients at risk of progressing to more severe
conditions such as steatohepatitis and advanced hepatic fibrosis. We
proposed a clinical pathway, termed the MAOSS pathway, which
integrates the MAOSS score with hepatic fibrosis-related biomarkers,
specifically FIB-4 and FAST. This pathway was compared to the current
standard of practice, referred to as the AASLD pathway, for primary
risk screening. To validate the effectiveness of both the MAOSS and
AASLD risk stratificationpathways, we assembleda large cohort ofCLD
patients (n = 1192) with histologically proven stages of hepatic fibrosis
and inflammatory activity. Of these, 236 patients with fibrosis stages
F0–F3 were followed longitudinally to assess the development of cir-
rhosis. Our results indicate that theMAOSS pathway correctly referred
a significantly higher number of patients at risk of steatohepatitis and
advanced fibrosis compared to the AASLD pathway, whilemaintaining
high specificity and a negative predictive value (NPV) for ruling out
low-risk SLD patients. Notably, longitudinal analysis using Cox
regressiondemonstrated that theMAOSSpathwayhas a generally high
hazard ratio for predicting patients at intermediate risk of cirrhosis. To
our knowledge, no previous studies have addressed longitudinal risk
stratification for SLD patients at risk of progressing to cirrhosis,
highlighting the clinical significance of our findings. Maria et al.48

investigated the identification of advancedfibrosispatients using FIB-4
and the Enhanced Liver Fibrosis (ELF) test. Their study demonstrated
that the sequential application of FIB-4 followed by ELF identified a
substantial proportion (sensitivity of 37%) of participants with
advanced hepatic fibrosis requiring specialist care, while achieving an
impressive NPV of 92%. Although this approach has been extensively
studied across various populations (including the general population,
individuals at risk for alcoholic liver disease, and those at risk for non-
alcoholic fatty liver disease), its reference standard is problematic. The
use of transient elastography (TE) with a Liver Stiffness Measurement
(LSM) ≥8 kPa as the reference standard may not serve as a gold stan-
dard, thereby questioning its true performance in large-scale screen-
ing. Devon et al.29 explored the identification of steatohepatitis
patients using traditional machine learning models combined with
serum data, validated against histological gold standards. For identi-
fying patients with NAS≥4 and fibrosis stage F2 or higher, their model
achieved specificity around 86–87% and sensitivity ranging from 25%
to 56% at a 90% specificity threshold. Thesemetrics are comparable to
the MAOSS pathway (specificity of 82.3% and sensitivity of 52.4%).

However, the NPV exhibited large variation, ranging from 33% to 83%,
and the accuracy was generally lower than that of the MAOSS pathway
(78.7% compared to 55–75%). Chen et al.49 developed a deep learning
model, FIB-NET, based on B-mode ultrasound images, which was
combined with the serum biomarker FIB-4 and LSM in a sequential
manner for screening patients with advanced hepatic fibrosis. Utilizing
a two-step process—FIB-4 followed by the FIB-NET score—the model
achieved 77% accuracy, 68% sensitivity, and 91% NPV in a large cohort
of 1165patients. A three-stepprocess (FIB-4, FIB-NET, LSM) yielded 85%
accuracy, 54% sensitivity, and 87% NPV in a cohort of 447 patients.
These results are comparable to our MAOSS pathway, which demon-
strated sensitivity and NPV of 59.1% and 94.6%, respectively, in a large
cohort of 1192 patients.

While the MAOSS demonstrates substantial promise for the
opportunistic screening and risk stratification of steatotic liver disease
and its progression, several limitations must be acknowledged. First,
the high prevalence of hepatic steatosis in the general population
poses challenges for real-world evaluation. Specifically, it is impractical
to retrieve and extensively evaluate all individuals identifiedbyMAOSS
who may be missed by human experts, potentially leading to under-
estimation of the model’s false-negative rate. Second, although the
MAOSS pathway exhibits high specificity and negative predictive
value, the sensitivity for risk stratification requires further enhance-
ment. Improved sensitivity is crucial to ensure that a greater propor-
tion of at-risk patients are accurately identified and can receive timely
interventions to prevent progression to more severe liver conditions.
Lastly, the longitudinal component of our study was limited by a
relatively small cohort size. A larger longitudinal cohort with more
uncensored cases would provide greater statistical power, enabling
more definitive conclusions regarding the predictive capabilities of the
MAOSS pathway. Future studies incorporating broader and more
diverse longitudinal data are necessary to strengthen the evidence for
MAOSS’s effectiveness in predicting disease progression.

Methods
Ethics approval
The retrospective collection of de-identified patient imaging and
clinical data was obtained from internal and external study institu-
tions, in accordance with ethical guidelines. Each participating insti-
tution secured ethics approval from their respective Institutional
Review Board (IRB) and obtained a waiver for informed consent. The
institutions involved included: the Shengjing Hospital of China Medi-
cal University (SHCMU) IRB, the Nanjing DrumTower Hospital (NDTH)
IRB, the First Affiliated Hospital of Zhejiang University (FAHZU) IRB,
and the Shanghai Institution of Pancreatic Diseases (SIPD) IRB.

Study population
This multi-center retrospective study involved six patient cohorts
(Table S1): an internal development cohort(n = 2071), onwhichMAOSS
model was built; an internal test cohort (n = 191), on which the model
performance and reader study for hepatic steatosis grading were
assessed; a MRI-PDFF test cohort (n = 375) in which patients have
paired NCCTs andMRIs; an external multi-center test cohort (n = 347),
on which the generalization across multiple centers was assessed; a
contrast-enahnced CT (CECT) test cohort (n = 122) in which patients
have both non-contrast and contrast enhanced CTs; a real-world test
cohort (n = 18,504), on which the generalization to large-scale real-
world data for an opportunistic screening was assessed; and a risk-
stratification cohort (n = 1192), on which patient’s with hepatic stea-
tosis at risk of progression to more serious CLDs, such as steatohe-
patitis and advanced liver fibrosis, were assessed.

Internal development cohort. The internal development cohort was
collected from SHCMU patients recruited between 2008 March and
2021 June, consisted of a gold-standard (GS) subset of 968 patients
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who have histology-derived steatosis severity (S0: 472, S1: 242, S2: 165,
and S3: 89),fibrosis severity (F0-1: 546, F2: 130, F3: 47, and F4: 245), and
a non-gold standard (NGS) subset of 1103 patients (none: 438, mild:
307, moderate: 112, and severe: 246) with radiologists’ reported stea-
tosis severity.

Internal and external test cohort. The internal test cohort was col-
lected fromSHCMUand is composedof twogroups. (a) Thefirst group
includes 191 patients recruited between July 2021 and April 2024, with
histology-derived steatosis severity in 191 patients (S0: 20, S1: 82, S2:
57, and S3: 32), fibrosis severity (F0-1: 99, F2: 20, F3: 16, and F4: 56). (b)
The second group includes 375 patients recruited between June 2022
and October 2024, with MRI-PDFF-derived steatosis severity in 375
patients (S0: 75, S1: 214, S2: 55, and S3: 31). The external test cohort was
collected from NDTH and FAHZU, which involved 347 patients who
had histology-derived steatosis severity (S0: 17, S1: 153, S2: 77, S3: 100),
fibrosis severity (F0-1: 214, F2: 45, F3: 52, and F4: 35).

Contrast-enhancedCT (CECT) test cohort. The CECT test cohort was
collected from multicenters including SHCMU, NDTH and FAHZU,
which involved 122 patients recruited from May 2024 onwards, who
had contrast enhanced CT scans and histology-derived steatosis
severity (S0: 8, S1: 85, S2: 21, S3: 8),fibrosis severity (F0-1: 60, F2: 24, F3:
24, F4: 14). We selected non-contrast phase and portal venous phase
scans for measurements.

Real-world cohort. The real-world cohortwasa imaging-baseddataset
that combined a public dataset UNIFESP and data collected from SIPD.
UNIFESP included 226 patients (none: 79, mild-severe steatosis: 147)
who have undergoneChest or AbdomenCT scans. Data collected from
SIPD involved patients from various scenarios, including physical
examination 6051 patients (None: 5201, mild-severe steatosis: 850),
inpatient dept. 3450 patients (none: 3159, mild-severe steatosis: 291),
outpatient dept. 4231 patients (none: 3746,mild-severe steatosis: 485),
Emergency dept. 4546 patients (None: 3861, mild-severe steatosis:
685) who have undergone CT scans.

Fig. 8 | Overview of MAOSS development. a MAOSS takes as inputs the imaging
and numerical features (allowing for missing features) and outputs the MAOSS
score indicating the severity of hepatic steatosis. We propose a learning strategy
that formulates the gold-standards learning (from histology results) as an ordinal
regression problem and non-gold standards learning (from radiology report) with a
curated distillation process. b A transformer consisting of Missing-aware Multi-
modal Alignment (MAMA) Adaptor and Multi-head Self-Attention (MSA) blocks,
served as the scaffold for themodel. Each featurewas processed into a fixed-length

vector using a modality-specific encoder and fed into the transformer as input.
Three linear layers Fordst

, Fordf ib
and Fdist were used to process the data with gold

standard ordinal regression and curate distillation accordingly, based on the
annotation type either histology report (gold standards of steatosis and fibrosis
grades) or radiological report (non-gold standards of steatosis grades). The final
prediction was the average of the outputs from the Fordst

and Fdist heads for stea-
tosis grading (MAOSS score) and Fordf ib

for fibrosis grading (FIBRO score) at
inference time. Supplementary material.
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Risk stratification cohort
The risk stratification cohortwas a subset of SHCMUpatients (n = 1192)
recruited between 2008 March and 2021 June, who had complete set
of liver function tests andVCTE, specifically for assessing ifMAOSS can
be embedded in the standard of care practice for identifying SLD
patients who at risk of progression tomore serious CLDs.Wemanaged
retrieved (n = 236) patients with their longitudinal record of disease
progression and their clinical end that (n=39) diagnosed cirrhosis
(supplementary Figs. S14–16 and Table S1).

Reference standard
Gold Standards (GS): liver biopsies were interpreted usingNAS score50,
including steatosis grade, ballooning grade, lobular inflammation
grade, and fibrosis stage. Biopsies were performed via a transcuta-
neous approachwith US guidance using 16- or 18-gauge core needles51.
We extracted the grades from pathology reports, in which steatosis
grade (S) assessed the percentage of hepatocytes containing large or
medium-sized lipid droplets according to the following ordinal scale:
none (< 5%, grade S0), mild (5–33%, grade S1), moderate (34–66%,
grade S2), and severe (> 66%, grade S3). The MRI-PDFF derived stea-
tosis scale was graded as none (< 5%, grade S0), mild (5%–15%, grade
S1), moderate (15–25%, grade S2), and severe (≥25%, grade S3)12. The
steatosis scoreswere dichotomized as: S0 vs≥S1;≤S1 vs≥S2; and≤S2 vs
S344. Fibrosis stage is F0 (none fibrosis), F1 (perisinusoidal or periportal
fibrosis), F2 (perisinusoidal and periportal fibrosis), F3 (bridging
fibrosis), F4 (cirrhosis). And the fibrosis scores were dichotomized as:
F0-1 vs ≥F2; ≤F2 vs ≥F3; and ≤F3 vs F4. Non-gold standards (NGS): for
real-world NCCTs’ assessment, hepatic steatosis was diagnosed with
the AASLD practice guideline52. Specifically, the following standards
were considered: (1) the attenuation of the liver is at least 10 Houns-
field units (HU) lower than that of spleen i.e. liver-spleen HU < -10; (2)
the liver/spleen HU ratio is ≤0.8; (3) the attenuation of the liver is < 40
HU. Specifically for SIPD data, each scan was examined by a two-round
review process with a junior radiologist giving the initial assessment
and a senior radiologist making the final report.

Inclusion and exclusion criterion
The inclusion criteria for thedevelopment andvalidationwerepatients
suspected or confirmed with SLD who had undergone CTs and must
have NCCT series and had undergone liver biopsy or MRI-PDFF within
one month of each other, for the general population who has no his-
tory of CLD, must have at least one NCCT series and available radi-
ological reports. The followingpatients were excluded: (a) thoseunder
18 years of age, (b) those NCCTs missing or NCCT with quality issues
e.g. artifacts (c) those with a history of liver transplant or treatment for
liver cancer, and (d) those with focal liver lesions.

MAOSS model
Figure 8 illustrates the complete diagram of our proposed framework.
The input data, i.e., liver CT image, biomarkers, and clinical factors, are
first tokenized and linearly projected to the embedding space, with an
image encoder (Fig. 9a) and biometric encoder respectively. The
resulting tokens are concatenated and preattached with a learnable
class token and a distillation token. All tokens are then fed into a ViLT53

like encoder consisting of multi-head self-attention (MSA) and MLP
layers. We design a missing-aware modality alignment (MAMA) mod-
ule (Fig. 9b) that is adaptable and pluggable and can be inserted any-
where inside a pre-trained multi-modal encoder.

Numerical features used in MAOSS development
We divide the numerical features into three groups: demographics &
physical data, laboratory results and CT-based biomarkers. Demo-
graphics & physical data used in the study includes: Age, Gender, Body
mass index (BMI), Height, Weight. Laboraty results used in the study
includes hematology, liver function tests, lipid profile, cardiacmarkers

etc: White blood cells (WBC), Red blood cells (RBC), Hemoglobin
(Hgb), Hematocrit (HCT), Platelet (PLT), Total protein (TP), Albumin
(ALB), Albumin/Globulin (A/G), Aspartate aminotransferase (AST),
Alanine transaminase (ALT), Gamma-glutamyl transferase (GGT),
Alkaline phosphatase (ALP), Prealbumin (PALB), Cholinesterase (CHE),
Total bilirubin (TBIL), Direct bilirubin (DBIL), Indirect bilirubin (IDBIL),
Total bile acid (TBA), Creatine kinase (CK), CKMB (Creatine Kinase-
MB), Lactate dehydrogenase (LDH), Hydroxybutyrate dehydrogenase
(HBDH), Blood urea nitrogen (BUN), Uric acid (UA), Cystatin C (CysC),
Blood cholesterol (CHOL), Triglycerides (TG),High-density lipoprotein
(HDL-C), Low-density lipoprotein (LDL-C), Apolipoprotein A-1 (Apoa1),
Apolipoprotein B-100 (apoB), Blood glucose (GLUO), Lipase (LiPA),
Creatinine (CREA), Prothrombin time (PT), plasma thromboplastin
antecedent (PTA), International normalised ratio (INR), Prothrombin
time Test and INR (PT/INR), activated partial thromboplastin time
(APTT), Fibrinogen (FIB), Thrombin time (TT), D-dimer (DD), Pro-
collagen type III amino terminal peptide (PIIIP), Hyaluronic acid (HA),
Laminin (LN), AST to Platelet Ratio Index (APRI), Fibrosis-4 (FIB-4)
Index. We conducted a series of conventional CT-based biomarkers
over both the liver and spleen. For deriving the liver regions of interest
(ROIs), we extended the 2D biometrymethod54 to 3D for automatically
assessing regional attenuation in the liver. Specifically, three spherical
liver ROIs were generated using morphological operations. First, the
3D liver mask was eroded to locate the central slice, and then dilation
was performed from the center in three directions - laterally, anterior-
posterior- to define a central area of liverwheremajor vessel structures
are located. Thereafter, three spherical ROIs were placed between the
central area and the original liver mask to avoid the hepatic vascu-
latures or other causes of heterogeneity. We computed the histogram
of Hounsfield units (HU) in the three 3D ROIs and derived the liver
attenuation by the mean HU across the three ROIs. We derived the
liver-spleen ratio (LSR) by dividing themeanHU of the three liver ROIs
by the mean HU of the spleen. Similarly, the liver-spleen difference
(LSD) is determinedby subtracting themeanHUof the spleen from the
mean HU of the three liver ROIs. Furthermore, we trained a 3D deep
learningmodel to segment the liverCouinaud segments usingboth the
public dataset55 and our in-house annotated data. This enabled us to
extract liver volumetric CT-based markers, such as the liver segmental
volume ratio, LSVR (liver segmental volume ratio, LSVR = volumes
of Couinaud segments I-III/IV-VIII) and liver segmental proportion21.
Figure S5 (in supplementary) shows that the model segmented the
liver Couinaud segments in various grades of liver steatosis and
fibrosis. Additionally, we quantified liver surface nodularity (LSN) fol-
lowing the approach described in ref. 20. And splenic volumes (SV)
were also measured using 3D spleen segmentation masks.

Numerical feature embeddings
We assign dummy inputs (filled with ones) to handle the missing fea-
ture. The numerical features are categorized into three groups: (1)
Demographic and CT-biomarker features, (2) Serum and laboratory
test features, and (3) Liver functional test and transient elastography
features. A complete summary of the missingness statistics for these
numerical features across different study cohorts is provided in Sup-
plementary Figs. S1–S3. Min-max scaling was first employed to nor-
malize every component of numerical features. A linear projection
layerwas applied to the features to acquire their embeddings, denoted
as fxnim

n 2 RCgn= 1:Nnim
(C-embedding dimensionality, Nim - number of

non-image features).

Imaging feature embeddings
We built the unimodal-image model with an image encoder and a
transformer-based architecture (in Fig. 9a). It took the cropped liver
image xim 2 RH ×W ×D as input and fed it into a patch encoder
(implemented with a 3D ResNet-34) to get 3D-patch embeddings
fxpat

n 2 RCgn= 1:Nim
(C-embedding dimensionality, Nim - number of
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image patches). The patch embeddings were then fed into a texture
encoder which resembles radiologists’ long-term attention to observe
texture variations over the liver region. Inspiredby ref. 38,wedesigned
the texture encoder as:

ank = x
pat
n ðdkÞT , cnk =

expð�skankÞPK
k0 = 1expð�skank0 Þ

ð1Þ

xtex =
XNim

n = 1

cnkx
pat
n ð2Þ

where (⋅)T was the transpose operator, fdk 2 RCgk = 1:K was a learned
texture codebook with K codewords and fsk 2 RCgk = 1:K were learned
scaling factors. We formed the final image embeddings as
ximn = xpat

n + xtex . Note that we applied random zero masking on the

image tokens as a way of data augmentation and simulated partially
missing image patches. This was motivated by driving the model’s
attention to discriminative regions caused by disease alternations.

Multimodal representation
Last, we construct themultimodal representation by concatenating all
acquired embeddings as h0 = xord ; xim; xnim; xdist

� �
. Of note, except for

an ordinal regression token xord, an extra distillation token xdist is
introduced as part of the optimization purpose.

Missing-aware multi-modality alignment (MAMA)
The multimodal embedding h0 is fed into an encoder consisting of
stacked MAMA adapter blocks and transformer blocks, as depicted in
Fig. 8. Due to the heterogeneity between the visual and biometric
features, directly applying self-attention and forcing the embeddings
to interactwith each other could lead to degraded learning results. We

Fig. 9 | Key Modules of MAOSS. a Image Encoder Design detail. b Missing-Aware Modality Alignment (MAMA) Adaptor.
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therefore design a modality alignment method that employs a learn-
able modality alignment prompt Pl

A to prepend to hl and partially
blinded attentionMl

A that enforces the prompt vectors to only access
each other but be blind to the inputs, as illustrated in Fig. 9b. This
emphasizes that the prompt vectors should be focusing on the align-
ment between modalities rather than on specifics of the content of a
modality56. Likewise, we address the missing inputs issues via intro-
ducing another missing-aware prompt Pl

M
39 and masked attentionMl

M
that is specifically designed to blind to the missing contents but
enables the interaction within the missing-aware prompt vectors.

,hl�1
A

h i
= LNðBlindAðQl�1

A ,Kl�1
A ,Vl�1

A ,MAÞÞ

,hl�1
M

h i
= LNðBlindAðQl�1

M ,Kl�1
M ,Vl�1

M ,MM ÞÞ
BlindA= sof tmaxðMðQKT Þ=τÞV
hl = I + LNðMLPðIÞÞ, I =hl�1 +hl�1

M

ð3Þ

where Q, K, V are the query, key, and value vectors obtained by linear

projections of the prompted inputs Pl�1
A ;hl�1

h i
formodality alignment

QA,KA,VA and Pl�1
M ;hl�1

A

h i
formissing-awareQM,KM,VM, respectively.M

is themasking operator that sets the blinded elements ofQKT to −∞. τ
is a learnable scaling factor and l is the layer index.

Gold standard learning & curated distillation
In this step, optimization proceeds via three heads (Fig. 8): steatosis
staging, fibrosis staging and distillation. The steatosis and fibrosis
staging is trainedonXGS, a histology-provendatasetwith gold standard
labels yGSst and yGSf ib , respectively. Meanwhile, the distillation head is
trained on a larger non-biopsy proven dataset, XNGS. To address the
issue of inaccurate or noisy labeling of non-gold standard labels yNGS,
we propose a curated distillation strategy that only enables the gra-
dients back-propagation when the ensemble of pretrained models
outputs yPME agrees with the radiological report yNGS on any patient
case. We formulate the steatosis and fibrosis staging problem as an
ordinal regression task57. Ordinal regression also encourages the
model to learn a soft decision boundary for distinctions between dis-
ease stages and avoid overfitting. Overall, the optimization process is
formulated as follows:

L= ð1� λÞLordst
+ λLdist + Lordf ib

Lordst
=
XNGS

i = 1

LMSE ðψðZi
GSst

Þ, yiGSst Þ

Lordf ib
=
XNGS

i = 1

LMSE ðψðZi
GSf ib

Þ, yiGSf ib Þ

Ldist =
XNNGS

i = 1

1 yiNGS = y
i
PME

� �
KLðψðZi

NGSÞ, yiPME Þ

ð4Þ

where Zi
GSst

, Zi
GSf ib

and Zi
NGS are the output logits of the linear pro-

jections Fordst
, Fordf ib

and Fdist. ψ �ð Þ is a sigmoid function. LMSE is the
mean squared error loss,KL is the Kullback-Leibler divergence, and 1 �f g
indicates the agreement on staging. During inference, we average the
outputs of the heads Fordst

and Fdist to generate the final prediction on
liver steatosis, and the head Fordf ib

to generate the prediction on liver
fibrosis.

Liver-spleen 3D segmentation& liver image preprocessing
To segment the liver and spleen from CTs, we utilized a framework
described in ref. 58. Briefly, region of interest of the abdominal region
was extracted at first, which is a key step towards fine segmentation of
liver and spleen, given the diversity of CT scans exhibiting large

variations in the field of view (FoV). This framework enables highly
efficient detection and segmentation of the organs of interest. We
refined and tailored it using a pre-trained model on FLARE dataset,
expanded the training dataset by incorporating a large number of
unenhancedCTs, and performed z-direction sub-volumecropping as a
data augmentation to simulate the large variations in FoV. As a result,
we had a highly efficient and accurate segmentation model that
achieves a dice score of 98.0% and 97.2% for liver and spleen seg-
mentation on the FLARE202259 validation. We cropped liver in 3D
based on the segmentation and truncated voxels to �175, 275½ �HU and
normalized to 0, 1½ � and then resampled to the input size (384, 256, 64)
for training and inference. We also applied data augmentation during
training, by randomly selecting from a pool of operations, including: 1)
randomly shifting the volume within 5 voxels in x, y, z direction; 2)
randomly rotating across the slice within ± 25° in x, y direction; 3)
randomly flipping the slice horizontally in x, y direction; 4) randomly
adding gaussian noise to the image.

Training and implementation details
We developed our models using the gold-standard GS dataset and
ablation studies were conducted via five-fold cross-validation. We
held 20% data for validation and 80% data for training at each fold.
For training the MAOSS, we conducted two stages of training. In the
first stage, we pretrained the backbone on the modality-complete
subset i.e. paired image and numerical data and only the ordinal
regression heads (steatosis and fibrosis) were optimised during the
first training stage with gold standards. Then, we kept all the multi-
head self-attention (MSA) blocks frozen in the second stage, only
optimizing the plugged Missing-aware Multi-Modality Alignment
(MAMA) blocks by training on both the modality complete subset
and the modality-incomplete i.e. with missing numerical features of
the GS dataset. At the same time, we also incoprated the non-gold
standard (NGS) dataset for learning the curated distllation head. The
image feature encoder was implemented with a 3D ResNet-34
architecture. The number of code words K was set to 8 for texture
encoding. The length of prompt vectors in MAMA was set to 16. C-
the feature dimensionality was set to 512 for both image and texture
embedding. All models were trained using Adam with an initial
learning rate of 10−4 and batch size of 60, using four NVIDIA Tesla
V100 GPUs. For curated distillation training, batch size for the GS
and NGS samples denoted as BGS and BNGS were both 30. λ in the loss
function was set to 0.5.

Interpretation of MAOSS
We flattened a 3D liver image xim = ðx1, . . . :, xnÞ 2 Rn (n= number of
voxels), scoremapping saliencymap could be obtained by calculating
the gradient of the MAOSS score denoted as S(x) at the input xim:
g = ∂SðxÞ

∂x = ðg1, :::, gnÞ 2 Rn, where gi represents the contribution of
individual voxel xi to theMAOSS score. The back-propagatedgradients
were potentially sensitive to unimportant features of the models. To
deal with these limitations, we employed a feature attribution method
named “Integrated Gradients”40 that assigns an importance score
ϕi(S(x), x) (similar to voxel-wise gradients) to the ith pixel representing
how much the pixel value adds or subtracts from the network output.
To compute the importance score, it needs to introduce a baseline
input representing “absence” of the feature input, denoted as
x0 = ðx01, :::, x0nÞ 2 Rn, which in our study, was a null image (filled with
zeros) with the same shape as input image x integrated gradients can
obtain importance scores by accumulating gradients on images
interpolated between the baseline value and the current input. This
can be efficiently approximated via a summation of the gradients as:

ϕiðSðxÞ, x, x0Þ � ðxi � x0
iÞ×

Xm

n= 1

∂S x0 + n
m × ðx � x0Þ� �
∂xi

×
1
m

, ð5Þ
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wherem is the number of steps in the Riemann approximation of the
integral. We compute the approximation in a loop over the set of
inputs for n = 1, …, m.

Subgroup analysis based on clinical factors
The subgroup analysis was conducted based on demographic, cardi-
ovascular, and chronic liver disease risk factors60. Specifically, for
demographic factors, the variables included age, gender, and body
mass index (BMI). Age was categorized as either < 50 years or ≥50
years. Genderwas classified intomale and female. BMIwas categorized
into two groups: without obesity (BMI < 25.0 kg/m2) and with obesity
(BMI ≥25.0 kg/m2). For cardiovascular factors, several metabolic char-
acteristics were considered. Prediabetes/diabetes was identified based
on fasting blood glucose levels (≥5.6 mmol/L)61 or a self-reported
diagnosis of prediabetes/diabetes. Patients were classified as having
dyslipidemia if they demonstrated any of the following lipid abnorm-
alities: total cholesterol (TC) ≥6.20mmol/L, triglycerides (TG)
≥2.30mmol/L, high-density lipoprotein cholesterol (HDL-C)
< 1.00mmol/L, or low-density lipoprotein cholesterol (LDL-C)
≥4.20mmol/L. Additionally, the presence of metabolic syndrome
(MetS) was defined as meeting at least two of the following criteria: (1)
hypertension; (2) fasting blood glucose ≥5.6mmol/L; (3) HDL-C
< 1.03mmol/L for men or < 1.29mmol/L for women; and (4) TG
≥1.7mmol/L. For chronic liver disease factors, elevated levels of ala-
nine aminotransferase (ALT) and aspartate aminotransferase (AST)
were assessed. Elevated ALT was defined as ALT > 40 IU/L, and ele-
vated AST was defined as AST > 40 IU/L.

MAOSS-augmented radiologist assessments
The aim of the first reader study was to assess the readers’ perfor-
mance in detecting hepatic steatosis and grading on NCCT. The study
(supplementary Fig. S17) was conducted in two rounds. The first round
compared performance with that of radiologists with varying levels of
expertise in radiology. The second round investigatedwhetherMAOSS
would be capable of assisting radiologists. There was awashout period
of 2 weeks between the two rounds for each reader. A total of 11
readers were recruited in this study, consisting of 5 junior radiologists
(experience < 2 yrs), 3 mid-level radiologists (experience > 5 yrs), and
3 senior radiologists (experience > 10yrs) (supplementary Table S34).
In the first round each reader was trained to use the in-house anno-
tation-viewing software (supplementary Fig. S18) for the visualization
of the CT images. Basic functions of this software include but are not
limited to HU (Hounsfield unit) windowing, zooming in and out, and
axial, sagittal and coronal view simultaneous display. In interpreting
the 191 randomly ordered cases from the internal test cohort, NCCT
images and information on age and sex, clinical features (if available)
were provided. The readers were informed that the study dataset was
enriched with more positive patients than the standard prevalence of
HS in daily practice. However, they were not informed about the
proportions of different grades of HS. Each reader interpreted the
image without time constraints and classified each case as 0 None, 1
mild HS, 2 moderate HS, 3 severe HS. In the second round the same
group of readers interpreted the 191 cases again using the same soft-
ware but augmented with MAOSS measurements (supplementary
Fig. S19).

Primary risk stratification for patients identified with hepatic
steatosis
According to the AASLD practice guidance, patients suspected to
have SLD on the basis of metabolic risk factors or incidentally
identified as having hepatic steatosis by imaging should undergo
further evaluation for risk progression of steatohepatitis or
advanced liver fibrosis, those identified at risk will be a referral for
further risk assessment with more sophisticated examination, such

as magnetic resonance elastography or corrected T1 at gastro-
enterology/hepatology clinics41. The AASLD pathway for evaluation
of steatosis patients at risk involves transient-elastography and
laboratory-based biomarkers, specifically fibrosis-4 index (FIB-4)62,
which consists of 3 steps (Supplementary Fig. S13a): first, TE-CAP
≥275 dB/m was used to identify the patients with presence of
steatosis52, who were further classified with FIB-4. Those with a FIB-4
of 2.67 higher, 1.3–2.67 or 1.3 lower were divided into high-, inter-
mediate- or low-risk groups. The intermediate risk groupwas further
divided into low-risk ( < 8 kPa) or intermediate-high risk (≥8 kPa)
groups based on the TE-LSM values. We embedded MAOSS into the
primary risk stratification setting and proposed a new screening
pathway, referred to as the MAOSS pathway (Supplementary
Fig. S13b) that is also a three-step sequential algorithm that involves
MAOSS score, FIB-4 and FibroScan-AST score (FAST)63. First, we
applied a MAOSS score ≥1.6 and FIBRO score ≥ 1.7 to identify the
patients with hepatic steatosis, who were then divided into the three
subgroups i.e. low-, intermediate-, high-risk, based on the FIB-4,
same as the AASLD pathway. Finally, the intermediate risk group was
further divided into low-risk (<0.35) or intermediate-high risk
(≥0.35) groups based on the FAST values. These algorithms were
evaluated using patients with liver biopsy

Performance metrics
Histologic scores were dichotomized as: S0 vs S1 or higher; S0 or S1 vs
S2 or S3; and S2 or lower vs S3. We evaluate model’s overall perfor-
mance with the area under the receiver operating characteristic curve
(AUC), balanced accuracy (BACC) and F1-score. Additionally, we
computed sensitivity, specificity, accuracy, negative predictive value
(NPV) and positive predictive value (PPV). The F1-score considers both
precision and recall of a test whereas the BACC considers sensitivity
and specificity as a holistic measurement of classification perfor-
mance. We also calculated inter-annotator agreement using Cohen’s
kappa (κ), as the ratio of the number of times MAOSS and radiologists
agreed on a diagnosis.

Statistical analysis
Classification performance was evaluated by calculating the AUC,
accuracy, sensitivity, specificity, positive predictive value, and
negative predictive value with 95% confidence intervals (CIs). The
95% CIs were calculated based on 1000 bootstrap replications of the
test data. The Kruskal-Wallis test was used to compare the MAOSS
scores between the different histology stages of hepatic steatosis.
The Dorfman-Berbaum-Metz method64 (OR-DBM MRMC version
2.52) with the empirical AUC estimation was used to analyze multi-
reader diagnostic performance with AI assistance and without AI
assistance. The significance of the difference between the AUCs of
models was assessed using the Delong test. Permutation tests65 were
performed, and a two-sided p-value was calculated using 10,000
permutations to compare the subgroups’ AUCs and determine
whether the difference between them was statistically significant.
Odds ratio use Pearson’s chi-squared test. Competing risks analysis
was used to assess the association of different screening pathway
with development of hepatic decompensation. Cause-specific pro-
portional subhazards analysis was used to assess the association
between screened high risk cohort and time to development of
hepatic cirrhosis after competing events were taken into account42.
Statistical analysis was conducted in R version 4.3.1 and python
3.7.12. Comparisons with a two-sided p value less than 0.05 were
considered statistically significant.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.
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Data availability
The datasets analyzed in this study are not publicly available due to
restrictions imposed by the respective IRBs. Researchers may request
access to the anonymized data and supporting clinical documentation
by contacting corresponding author Y.S., J.L. and J.C. Access will be
granted subject to IRB approval, a signed data-use agreement and will
be for noncommercial academic purposes only. Requests will be pro-
cessed within 6 weeks. Source data are provided with this paper.

Code availability
The code used for the implementation ofMAOSS has dependencies on
internal tooling and infrastructure and is under patent protection
(application number CN 202310814888 and CN 202411205413), and
thus the full custom codes is not able to be publicly released. The
codes used for inference and result evaluation is available at: https://
github.com/YGOX/MAOSS. All experiments and implementation
details are described in sufficient detail in Methods and Supplemen-
tary information (‘Training and implementation details’) to support
replication with nonproprietary libraries. Several principal compo-
nents of MAOSS are available in open-source repositories: ViT-Pytorch
(https://github.com/lucidrains/vit-pytorch), ViLT (https://github.com/
dandelin/ViLT),missing aware prompts (https://github.com/YiLunLee/
missing_aware_prompts).
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