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Introduction: Patients with nonalcoholic fatty liver disease (NAFLD) and type 2 diabetes mellitus (T2DM) face a significant risk of
hepatic fibrosis. Liver stiffness measurement (LSM) is commonly used to exclude advanced fibrosis, but its effectiveness in predicting
fibrosis progression, especially in initially fibrosis-free patients, remains under-investigated. Although radiomics and machine learning
(ML) models show promise in interpreting intricate data and predicting clinical outcomes, their application in assessing the fibrosis
progression risk has not been fully explored. This study aimed to address this gap by developing and validating ML-based models to
identify patients at risk of fibrosis progression using clinical data and multimodal radiomics features, thereby enhancing NAFLD and
T2DM management.

Methods: The study involved a retrospective analysis of 618 diabetic patients with NAFLD. These patients were divided into training
and external validation cohorts. Based on LSM values, patients were classified into “Low-risk” and “Fibrosis-risk” groups. Radiomics
features from multimodal ultrasound imaging were extracted, standardized, and utilized to develop various ML models. The models
were internally validated based on these radiomics or clinical data, and the optimal model’s feature importance was analyzed using the
Shapley Additive Explanations (SHAP) approach, followed by external validation.

Results: Of the 618 patients, 18.1% demonstrated an LSM>6.5kPa, indicating a higher risk of hepatic fibrosis. The study identified 25
significant fibrosis-related radiomics features, with the support vector machine (SVM) model demonstrating superior performance in
both internal and external validations. The SHAP analysis identified five key determinants of fibrosis risk, which included three
radiomics features from shear wave elastography (SWE) and two from grayscale imaging.

Conclusion: This study demonstrates the utility of an SVM model based on radiomics features derived from SWE and grayscale imaging
for predicting fibrosis progression in diabetic patients with NAFLD, thereby enabling timely and effective therapeutic interventions.
Keywords: nonalcoholic fatty liver disease, type 2 diabetes mellitus, hepatic fibrosis, machine learning, radiomics, support vector

machine

Introduction

Nonalcoholic fatty liver disease (NAFLD) encompasses conditions from simple hepatic steatosis to nonalcoholic steatohe-
patitis (NASH), the latter posing a risk for progressive fibrosis.' Prior investigations highlight that in NAFLD patients, the
stage of fibrosis, rather than NASH, is a formidable determinant of mortality and progression to end-stage liver disease,
especially prominent in those with advanced fibrosis.>> Alarmingly, fibrosis progression is acutely amplified in type 2 diabetes
mellitus (T2DM) patients with concurrent NAFLD. Roughly 55% of the global T2DM population has NAFLD, with about
17% encountering advanced fibrosis at their first visit.* This dual condition dramatically increases the risk of fibrosis
progression, even in the absence of initial fibrosis.>® The intersection between NAFLD and T2DM is particularly concerning
due to the exacerbated risk factors and accelerated disease progression associated with this comorbidity. T2DM contributes to
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this risk through multiple pathways, including insulin resistance, hyperglycemia, and dyslipidemia. These factors collectively
exacerbate liver damage by promoting fatty acid accumulation, enhancing oxidative stress and inflammation, while also
altering lipid metabolism.” This confluence of effects sets the stage for hepatic steatosis, thereby advancing NAFLD towards
fibrosis. In fact, a longitudinal study has found that, among such NAFLD patients, 27% showed fibrosis progression within
a 3-year period as evidenced by paired liver biopsies.® Considering the substantial occurrence and dangerous progression of
fibrosis in diabetic patients with NAFLD, the precise recognition of individuals at risk for fibrosis progression is essential in
their medical management.

While liver biopsy remains the gold standard for fibrosis evaluation, its invasiveness limits its applicability in routine
disease progression monitoring.” The focus has shifted towards non-invasive strategies. Imaging techniques, in particular,
have emerged as preferred alternatives, surpassing traditional scoring systems in fibrosis assessment due to their superior
accuracy.'® Among them, transient elastography (TE) has demonstrated high accuracy and is now endorsed as an initial
assessment in NAFLD patients.'""'? Liver stiffness measurement (LSM), a parameter derived from TE, has been
validated to reliably exclude advanced fibrosis with a high negative predictive value.'*'* However, the utility of these
techniques remains underexplored for evaluating fibrosis progression risk in diabetic patients with NAFLD initially
devoid of fibrosis. It is clear that early detection and intervention could potentially minimize disease progression and
associated burdens in these high-risk patients.'>'® Thus, the development of a non-invasive approach to quantitatively
evaluate progressive fibrosis risk in diabetic patients with NAFLD is crucial.

To address this challenge, widely adopted and cost-effective liver ultrasonic examinations may be effectively augmented
with radiomics for non-invasive monitoring of fibrosis progression. The technique of radiomics, originally introduced by
Lambin et al'” in 2012, enables the extraction of a vast number of subtle features from medical images, thereby establishing
reliable associations with clinical outcomes. Recent advancements in this field have demonstrated its effectiveness in non-
invasively evaluating hepatic fibrosis.'®'® However, the intricate and often nonlinear nature of the relationships between the
numerous, nuanced features identified by radiomics and their clinical outcomes presents a significant analytical challenge.
This complexity limits the effectiveness of linear predictive models, such as logistic regression (Logit), in achieving the
highest level of predictive precision. In this context, the application of machine learning (ML) - an artificial intelligence branch
renowned for its unparalleled capability in deciphering complex patterns in extensive and intricate data sets - becomes

indispensable for constructing an effective predictive model.*

Common ML classifiers, such as random forest (RF) and
extreme gradient boosting (XGBoost), have demonstrated versatility in applications ranging from the detection of NASH to
the prediction of fibrosis progression.”! However, research is limited on ML models based on ultrasonic radiomics for the
prediction of fibrosis progression risk, particularly in T2DM patients with NAFLD.

With this background, our study aims to develop and validate an interpretable ML model that leverages radiomics
features extracted from multimodal ultrasound images, with the goal of predicting the risk of fibrosis progression in
T2DM and NAFLD patients initially without hepatic fibrosis. We anticipate that this method may enable the timely

adjustment of therapeutic interventions, potentially avoiding further liver damage.

Materials and Methods

The execution of this study was in accordance with the principles of the Declaration of Helsinki and received approval
from the Institutional Review Board of Xuan Cheng City Central Hospital (NO. 2023027). Due to the retrospective
design of this research, the requirement for informed consent was waived by our ethics committee. To protect patient
privacy, all data used were thoroughly anonymized.

Patient Selection

We retrospectively evaluated the medical records of 650 T2DM patients (ranging in age from 18 to 75 years old with no
previous history of liver disease) who presented with NAFLD, treated at our institution between January 2020 and
May 2023. Diagnosis of T2DM was confirmed based on the American diabetes association guidelines.?* The presence of
NAFLD was established by ultrasound evidence of hepatic steatosis, along with the absence of viral hepatitis,
autoimmune hepatitis or other specific causes of liver disease, and no causes of secondary hepatic fat accumulation,
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such as significant alcohol consumption (over 30g/day for men and over 20g/day for women) or use of steatogenic
medication.”*?* Patients with inaccurate clinical data or low-quality ultrasound images were excluded from the study.
After rigorous screening, a total of 618 T2DM patients with NAFLD were successfully incorporated into this study
cohort. In order to ensure the reliability of the predictive model, the cohort was randomly divided into training and
external verification cohorts at a 7:3 ratio. LSM was performed as a routine procedure for all patients at the time of initial
diagnosis of hepatic fibrosis. Patients who had an LSM value less than 6.5 kPa, a threshold suggested by Siddiqui et al'*
to exclude advanced fibrosis (negative predictive value of 0.91), were categorized into the “Low-risk” group, while the

rest were placed in the “Fibrosis-risk™ group.

Data Collection

Medical records of each patient were thoroughly reviewed, with anthropometric measurements and results of laboratory
investigations being systematically collected. Essential demographic details and medical history were also extracted.
A wide range of laboratory parameters were included in the analysis, incorporating hepatic function markers, indices of
glucose metabolism, lipid profile components, and measures indicative of insulin resistance. Hepatic function was
assessed based on transaminase levels, while the status of glucose metabolism was determined using measures of fasting
glucose and glycosylated hemoglobin. Lipid profiles were evaluated through cholesterol and triglyceride levels, and
insulin resistance was appraised using the homeostasis model assessment of insulin resistance (HOMA-IR).

Acquisition of Multimodal Ultrasound Images

The ultrasonographic examination was conducted utilizing the Philips EPIQ 7 ultrasound system (Philips Medical Systems,
Bothell, WA), with patients arranged in the lateral decubitus position. To ensure optimal imaging conditions, patients were
instructed to maintain a fasting period of at least three hours before the examination. The assessment initiated with a routine
B-mode ultrasound scan. Following the standard scan, the mode was shifted to shear wave elastography (SWE) to obtain
elastographic data. SWE operates by generating focused acoustic pulses that induce shear waves, with their propagation speed
analyzed to determine tissue stiffness. Patient breath-holding was required during SWE to reduce measurement variability
from respiratory motion. Once the image was stabilized, the region of interest (ROI) was strategically located at the right
hepatic lobe, circumventing any vascular structures to avoid their interference. The SWE imaging output was encoded in
a color scale on the elastogram, transitioning from deep blue to red, signifying a range from lower to higher tissue stiffness,
respectively. These duplex images, integrating grayscale ultrasound and SWE findings, were archived in digital imaging and
communications in medicine (DICOM) format for further radiomics analysis.

Radiomics Feature Extraction

Figure 1 outlines the general workflow of our study, which primarily consists of image segmentation, radiomics analysis, and
ML model establishment and validation. Duplex ultrasonic liver images were processed using the 3D Slicer software (v5.0.2),
where distinct ROIs were identified to guide the segmentation process. Specifically, within the right-sided SWE image, one
ROI was assigned to align with the sector-shaped SWE sampling frame. Simultaneously, a second ROI was defined at the
corresponding location in the hepatic parenchyma on the grayscale image. This dual-ROI approach facilitated the simulta-
neous segmentation of grayscale and SWE images of the liver parenchyma within the same duplex image.

After careful segmentation, a detailed extraction of radiomics features was carried out using the 3D Slicer radiomics
extension. This process converted medical imaging data into a highly structured, multi-dimensional dataset that is crucial for
the quantification and characterization of liver fibrosis.”> For uniformity and to ensure the reliability of the extraction process
across different scans, all images underwent resampling to a uniform resolution of 1x1 mm via nearest-neighbor interpolation.
From each identified ROI, we extracted a detailed suite of 849 features. This dataset included 12 shape-based, 18 first-order
statistical, and 75 textural features from the processed image. Textural features were further divided into five categories based on
their matrix of origin: gray-level co-occurrence, gray-level dependence, gray-level run length, gray-level size zone, and
neighboring gray tone difference matrices, with a respective allocation of 24, 14, 16, 16, and 5 features each. To add another
layer of analytical depth, 744 advanced features obtained through the application of wavelet transformations to the foundational
first-order and texture features, amplifying the analytical dimension of our study. To ensure consistency between observers,
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Figure | Workflow Diagram for ML Model Development with Liver Radiomics from Duplex Ultrasound. The process begins with image segmentation and radiomics
analysis, leading to the establishment and validation of the ML model. In wavelet transformation, “L” represents low-frequency coefficients, while “H” signifies high-frequency
coefficients.

radiomics features for each patient were extracted by two experienced sonographers. All extracted features were compiled in an
Excel spreadsheet for further feature selection procedures.

Data Preprocessing

Prior to the development of a prediction model, an essential stage of data preprocessing was undertaken to ensure the
unbiasedness of the process. This involved the standardization of all data, comprising both extracted radiomics features and
collected clinical information. The approach to standardization differed based on the type of the variable. Continuous variables
underwent Z-score normalization, aligning them to a scale with a mean of zero and standard deviation of one. On the other hand,
categorical variables were binarized, assigned either a “0” or “1” value. Clinical outcomes for the predictive model were
determined based on the LSM values. Employing a binary classification, patients with an LSM value less than 6.5 kPa were
assigned a “0”, while all other cases were assigned a “1”.

Selection of Radiomics Features

The consistency in the extraction of features by different observers was evaluated by computing the interclass correlation
coefficients (ICCs), with a threshold of 0.80 set as the acceptable level of agreement. An initial screening process was
carried out utilizing the Student’s #-test, wherein features manifesting false discovery rate (FDR)-corrected P values less
than 0.05 were considered as significant. Following this initial selection, a least absolute shrinkage and selection operator
(LASSO) logistic regression model was utilized to further optimize the selection of features.

Derivation and Internal Validation of ML Models

To predict the risk of fibrosis progression, four well-established ML classifiers were employed, including Logit, RF,
support vector machine (SVM), and XGBoost. Distinct prediction models were developed on the basis of clinical data,
radiomics features, and their combined use. During the model training phase, a triply-repeated five-fold cross-validation
scheme was applied to each data group. This methodology facilitated the optimal use of the training set by dividing it into
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inner training and test data, sequentially cycling each subset for testing while retaining the rest for training. For the RF
classifier, a configuration of 500 trees was chosen, with the number of features for node splitting set at the square root of
the total feature count. For the SVM, a radial basis function (RBF) kernel was selected for its proficiency in managing
non-linear data. Hyperparameters underwent meticulous tuning with the SVM cost parameter optimized via grid search
across the range [0.1, 1, 10], and the gamma parameter for the RBF kernel determined similarly within the range [0.001,
0.01, 0.1]. Parameters for XGBoost, including the learning rate at 0.02, maximum tree depth at 4, and an ensemble of 600
trees, were established after a grid search to balance model complexity and prediction accuracy.

Following model derivation, each model underwent a rigorous internal validation process, evaluating discrimination,
calibration, and clinical applicability. The determination of the optimal predictive was guided by superior discriminatory
capabilities, alongside satisfactory calibration and clinical utility.

Interpretability and External Validation of ML Models

Following the identification of the optimal predictive models, we sought to elucidate the specific contribution of each
variable towards the prediction. The SHAP (shapley additive explanation) methodology was integrated to facilitate an in-
depth comprehension of feature importance, thereby highlighting the most influential variables. Each feature was ranked
in descending order of influence based on their respective SHAP values, thereby highlighting the most critical predictors
in our patient cohort.”® Further, to validate the robustness of our models, external validation was performed. This
rigorous evaluation confirmed their discriminative abilities, calibration, and clinical applicability, providing
a comprehensive understanding of the predictive capability of these models.

Statistical Analysis

A combination of statistical methods was employed based on the type of data. For categorical variables, analysis was carried
out using the chi-square test. The distribution of continuous variables was initially evaluated using the Shapiro—Wilk test,
directing the application of either the Mann—Whitney U-test or the independent-sample #-test. In evaluating model perfor-
mance, we employed receiver operating characteristic (ROC) curve analysis with the area under the curve (AUC), alongside
Precision, Recall, and F1 Score metrics, to comprehensively assess the model’s discrimination ability. AUC comparisons
were conducted using Delong’s test. Further, the goodness of fit for each model was evaluated using calibration curve analysis
and the Brier Score, which assesses the accuracy of probability predictions. To provide insights into the clinical utility of the
models, decision curve analysis (DCA) was implemented to estimate the net benefits at various threshold probabilities. All
statistical analyses were conducted using IBM SPSS Statistics (v 22.0, SPSS Inc.) and Python (v 3.7.1).

Result

Patient Characteristics

Figure 2 details the process of patient selection, as well as the derivation and validation of our model. Of the 618 T2DM
patients with NAFLD (342 males, average age 50.70 & 8.76 years), the LSM values displayed a median of 5.5 kPa and an
interquartile range (IQR) from 4.4 to 6.1 kPa. In this cohort, 112 cases (18.1%) demonstrated an LSM > 6.5kPa,
indicating a heightened risk of hepatic fibrosis. The patients were divided into a training cohort (432 individuals) and an
external verification cohort (186 individuals), with hepatic fibrosis being identified in 86 (19.9%) and 26 (14.0%) of the
respective cohorts, a difference which was not statistically significant (x°=3.080, P=0.079). Further validation is provided
by Table S1, which confirms a balanced distribution between the two cohorts with no significant disparities in all clinical
characteristics, including LSM (all P>0.05).

Comparative clinical characteristics of low-risk and fibrosis-risk groups in the training cohort.

Table 1 provides a comparison of clinical features among the low-risk and fibrosis-risk patients in the training cohort,
classified based on their LSM values. It revealed that patients at higher fibrosis risk demonstrated elevated BMI, FBG, HbA lc,
ALT, and HOMA-IR, alongside decreased PLT counts (all P values < 0.05). These key clinical parameters underwent Z-score
normalization, being adjusted to a mean of zero and a standard deviation of one. These standardized parameters were then
documented and employed for the subsequent construction of clinical ML prediction models.

Diabetes, Metabolic Syndrome and Obesity 2023:16 heeps: 3905

Dove:


https://www.dovepress.com/get_supplementary_file.php?f=439127.docx
https://www.dovepress.com
https://www.dovepress.com

Meng et al Dove

T2DM patients with NAFLD
(n=650)

y

Inclusion criteria:

1. Age: 18-75 years old

2. Confirmed diagnosis of T2DM

3. Confirmed diagnosis of NAFLD
4. No known history of liver disease

Exclusion criteria:
1. Inaccurate clinical data (n=10)
2. Low-quality ultrasound images (n=22)

[ Eligible patients (n=618) ]

Patient selection |

Predictive models built on
Training cohort (n=432) clinical data and
ultrasonic radiomics

Optimal model

Model comparison
and validation

Model establishment |

External validation based on . .
[ verification cohort (n=186) ]_)[ Interpretation via SHAP J

Model validation |

Figure 2 Flowchart of Patient Selection and Cohort Distribution for Developing and Validating Predictive Models in T2DM Patients with NAFLD.

Radiomics Analysis

The dual-ROI segmentation of duplex ultrasound from each patient in the training cohort yielded a total of 1698
radiomics features, with each segmentation contributing 849 features. Following the same normalization protocol, 1222
features (72.0%) with intra-observer ICC of 0.8 or higher were conserved in the first stage of feature selection, thereby
ensuring stability for further analysis. During the next step, Student’s z-test revealed 102 features with a potential
association with hepatic fibrosis. The conclusive phase employed LASSO regression, which led to the selection of 25
fibrosis-associated features of significance; 12 from SWE segmentation and 13 from grayscale segmentation.
A visualization of the LASSO feature selection process can be observed in Figures S1 and S2.

Model Comparison for Fibrosis Progression Risk Prediction

In our comprehensive analysis of predictive models for fibrosis progression risk among T2DM patients with NAFLD, we
assessed four ML classifiers: Logit, SVM, RF, and XGBoost. These classifiers were applied across three datasets: clinical data,
radiomics features, and a combined set. The performance of these models is systematically compared in Table 2, and the ROC,
calibration, and DCA curves are depicted in Figure 3. Our findings indicated that models based on radiomics features (AUC:
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Table | Comparative Clinical Characteristics of Low-Risk and Fibrosis-Risk Patients

Variable Low-Risk Group (n=346) | Fibrosis-Risk Group (n=86) | T/x*/Z value | P value
Age, years 50.34+8.75 51.16+8.93 0.774 0.440°
Male gender, n(%) 200 (57.8%) 45 (52.3%) 0.842 0.359°
Hypertension, n(%) 164 (47.4%) 45 (52.3%) 0.669 0.413°
Smoking, n(%) 82 (23.7%) 26 (30.2%) 1.568 0.211°
BMI, kg/m? 28.86+4.63 30.69+5.41 3.16l 0.002°
Waist circumference, cm 96.44+15.24 99.56x11.49 1.778 0.076"
FBG, mmol/L 5.1 (3.7,7.2) 6.2 (4.3,7.8) 2.002 0.045°¢
HbAlc, % 6.9 (5.7,82) 7.2 (5.7,9.5) 2.247 0.025°¢
Triglycerides, mmol/L 1.66 (1.23, 2.64) 1.85 (1.24, 2.59) 0.276 0.782¢
TC, mmol/L 4.00£1.30 391£1.45 0.522 0.602°
HDL-C, mmol/L 1.04£0.39 1.09£0.49 1.064 0.288°
LDL-C, mmol/L 2.47+0.83 2.62+0.70 1.618 0.1067
AST, IU/L 19 (13, 38) 19 (12, 29) 1.647 0.099¢
ALT, IU/L 30 (12, 48) 37 (20, 73) 3.266 0.001°¢
ALB, IU/L 39.70+6.95 39.16+6.07 0.660 0.510°
PLT, x10°/L 250.75+47.92 228.92+51.38 3.727 <0.001*
HOMA-IR 1.8 (1.4, 2.2) 2.2 (1.7, 2.5) 3.787 <0.001°¢

Notes: *for independent sample t-test, “for chi-square test, and “for Mann—Whitney U-test.

Table 2 Performance of ML Classifiers for Predicting Fibrosis Progression Risk Using Clinical Data, Radiomics
Features, and Combined Datasets in T2DM Patients with NAFLD

Data Type ML classifier | AUC Precision | Recall | FI Score | Brier Score
Clinical data Logit 0.704 0.667 0.211 0.320 0.010
SVM 0.663 1.000 0.053 0.100 0.010
RF 0.655 0.571 0.421 0.485 0.097
XGBoost 0.691 0.750 0.474 0.581 0.087
Radiomics feature Logit 0.933 0.875 0.737 0.800 0.006
SVM 0.923 0.857 0.632 0.727 0.002
RF 0.892 1.000 0.474 0.643 0.009
XGBoost 0.897 0.750 0.632 0.686 0.003
Combined clinical and radiomics data Logit 0.937 0.737 0.737 0.737 0.006
SVM 0.949 0.857 0.862 0.727 0.004
RF 0.862 0.900 0.474 0.621 0.008
XGBoost 0913 0.875 0.737 0.800 0.010

0.892-0.933) outperformed those utilizing clinical data alone (AUC: 0.655-0.704) in discrimination ability, as evidenced by
Delong’s test (P < 0.05). While the combined datasets yielded slightly higher AUC values (up to 0.949), Delong’s test
confirmed that these improvements were not statistically significant (P > 0.05). However, integrating clinical data with
radiomics features resulted in a notable reduction in calibration, suggesting that pure radiomics-based models were more
suitable for assessing fibrosis progression risk in patients with T2DM and NAFLD.

Within the pool of radiomics-based models, Logit and SVM yielded the highest AUC scores of 0.933 and 0.923,
respectively. Nevertheless, SVM demonstrated superior calibration, with Logit models tending to overestimate prob-
abilities around the 60% probability range. Both models demonstrated comparable results on DCA curves, reinforcing the
choice of SVM as the preferred classifier for predicting fibrosis progression risk due to its balanced performance across
all measured metrics including Precision, Recall, F1 Score, and Brier Score.

Assessing ML model with the external verification cohort.
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Figure 3 Comparative Analysis of ML Classifiers across Different Data Types. (A—C) reveal the performance (ROC, calibration, and DCA curves) of ML classifiers (Logit,
SVM, RF, and XGBoost) applied to clinical data, with ROC-AUCs of 0.70, 0.66, 0.65, and 0.69, respectively. (D—F) show these classifiers’ performance based on radiomics
features, yielding AUCs of 0.93, 0.92, 0.89, and 0.90. (G-1) display their performance when applied to combined clinical and radiomics data, with AUCs reaching up to 0.94,
0.95, 0.87, and 0.91. While the combined data models demonstrate the highest AUC values, a noticeable decrement in calibration is observed, highlighting the superior
suitability of radiomics-based models for evaluating fibrosis progression risk in T2DM patients with NAFLD. Among these, SVM demonstrates superior discrimination and
calibration, and comparable DCA curve performance, designating it as the most effective classifier.

The predictive performance of the SVM model was further assessed utilizing the external verification cohort.
Radiomics features from this cohort were processed by the established SVM model, facilitating automatic computation
of hepatic fibrosis risk for each patient. These calculated risks were then analyzed with actual hepatic fibrosis outcomes
via the ROC, calibration, and DCA curves (Figure 4). Despite a minor decrease in performance relative to the training
cohort, the SVM model maintained noteworthy discriminative capabilities, with an AUC of 0.87 on the ROC curve
(Figure 4A). The calibration curve indicated a high degree of concordance between predicted probabilities and observed
event frequencies, specifically for predictions exceeding 50% (Figure 4B). A tendency for the model to overestimate
risks when the predicted probabilities were below 50% was observed, yet this did not substantially compromise its
overall clinical application. Further confirmation of the model’s robustness was provided by the DCA, demonstrating
considerable net benefits across all prediction probabilities (Figure 4C). This result emphasized the considerable potential
of the SVM model as a predictive tool for fibrosis progression risk, suggesting its viability as a practical clinical

application.
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Figure 4 Evaluating Predictive Performance of Optimal ML Model with External Verification Cohort. (A) exhibits the ROC curve with an AUC of 0.87, indicating the
significant discriminative capacity of the model. (B) reveals the calibration curve, demonstrating a robust agreement between predicted probabilities and actual observed
events, particularly for predictions beyond a 50% threshold. (C) illustrates the DCA, emphasizing the net clinical benefit provided by the model across the entire spectrum of
prediction probabilities.

Interpretation of the Model

The SHAP analysis was employed to interpret the SVM model by quantifying the contribution of individual features
within the model. This method enabled the ranking of feature significance by calculating the absolute mean SHAP
values. Notably, three radiomics features from SWE and two radiomics features from the corresponding grayscale image
emerged as the top five key determinants (Figure 5A). To visually represent the cumulative effect of each feature,
a summary plot incorporating the SHAP values was constructed (Figure 5B). This graphic representation provided
a comprehensive understanding of how each feature contributed to individual patient predictions. Remarkably, it was
revealed higher values of these top five features correlated with an elevated risk of fibrosis progression in T2DM patients
with NAFLD.

Discussion

Despite the existence of several non-invasive methods for detecting advanced fibrosis, accurately stratifying NAFLD
patients, especially those with T2DM, for future fibrosis progression remains challenging. These patients are particularly
prone to hepatic fibrosis, necessitating reliable methods for detecting both advanced fibrosis and potential progression. In
this study, we attempted to address this need by developing and comparing predictive models using four different ML
classifiers. These models were based on either clinical data or multimodal ultrasound radiomics features. Our compre-
hensive evaluation, which included assessments of discriminative ability, calibration, and clinical utility, identified the
SVM model using ultrasound radiomics as the most effective for predicting fibrosis risk. Notably, the integration of
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Figure 5 SHAP Analysis of the SYM Model for Hepatic Fibrosis Prediction. (A) illustrates the ranking of feature significance as determined by absolute mean SHAP values,
with three radiomics features from SWE and two from GS identified as the top five critical determinants. (B) presents a summary plot incorporating SHAP values, providing
a comprehensive visualization of the cumulative influence of each feature. This graphical depiction indicates a correlation between higher values of the top five features and
an increased risk of hepatic fibrosis.

SHAP analysis into the SVM model significantly improved its interpretability, highlighting the pivotal radiomics features
influencing fibrosis progression risk. This study represents a pioneering effort in combining multimodal ultrasound
radiomics features with ML models to predict hepatic fibrosis progression risk. By continuously refining this novel ML
model, we can significantly enhance the accuracy of individualized assessments for fibrosis progression risk. This
improvement has the potential to boost patient adherence to long-term lifestyle changes and enable more timely and
effective adjustments in treatment strategies.

Simple steatosis in T2DM patients does not always maintain a static course. A recent meta-analysis based on paired-biopsy
studies indicated that approximately 30% of NAFLD patients progress at least one stage of fibrosis within a period of 3—10
years, with concurrent diabetes further accelerating this progression.”” Eddowes et al'® proposed that a rise in LSM by 2 kPa
signifies a stage of fibrosis progression. Further, a study on fibrosis progression noted that 4% of T2DM patients with NAFLD
and an initial LSM below 10 kPa, experienced fibrosis progression, evidenced by an LSM increase of >2 kPa, within 3 years.?
As the disease duration extends, the percentage of patients manifesting fibrosis progression increases. According to Xia et al*?,
nearly 15% of patients with comorbid diabetes and NAFLD demonstrated a progression of one fibrosis stage over 3 years. This
reinforces the urgency and importance for early identification of fibrosis risk among patients with T2DM and NAFLD.

In this study, we favored ML models due to their capacity to handle complex non-linear relationships between variables
and outcomes, surpassing traditional linear predictive models.*® Four ML models were applied to clinical or radiomics data, all
displaying satisfactory calibration and clinical utility, yet they exhibited considerable variability in discrimination.
Specifically, radiomics-based ML models emerged as the most suitable for predicting hepatic fibrosis risk because it
demonstrated enhanced discrimination compared to clinical-feature-based models, which might be due to the broader
spectrum of radiomics features (1698 features) implicated in hepatic fibrosis, compared to only 17 clinical features. This
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significant feature discrepancy might contribute to variations in predictive efficacy. We did not select the combined models
incorporating both clinical and radiomics data as the most effective, even though these hybrid models exhibited slightly
improved discrimination compared to solely radiomics-based ML models. This is due to the fact that the incorporation of
clinical data into the radiomics-based models resulted in a significant decrease in calibration.

Among the chosen ML models, SVM was ultimately demonstrated to be the most effective radiomics-based model,
exhibiting robust accuracy, even under the external validation. To address the inherent interpretability challenges associated
with complex ML models, we employed the SHAP methodology. This approach clarifies decision-making processes at
a cohort level, and is complemented by intuitive visualization tools, enabling a deeper understanding of individual variable
contributions to model predictability, thereby promoting confidence between clinicians and Al algorithms.*'~* It showed that
five key predictors of hepatic fibrosis risk were revealed: three SWE radiomics features and two grayscale radiomics features.
The central role of SWE radiomics features is expected given their design reflecting liver stiffness changes. Interestingly, two
grayscale radiomics features emerged as critical predictors, suggesting their unexplored potential in hepatic fibrosis evalua-
tion. In conjunction with SHAP, SVM offered a clear depiction of variable influence on predicted outcomes, establishing it as
a valuable tool in routine hepatic fibrosis screenings. The successful incorporation of ML into these screenings might highlight
its potential to revolutionize NAFLD management and improve patient outcomes.

While our study offered encouraging results, some limitations must be acknowledged. Firstly, our single-center, retro-
spective design with a relatively limited patient cohort could constrain the generalizability of findings. Additionally, potential
variations in SWE settings across institutions may impact the performance of our radiomics ML models. Secondly, although
LSM is globally accepted as a non-invasive diagnostic criterion for hepatic fibrosis, the absence of liver biopsy confirmation in
our study could lead to a degree of diagnostic uncertainty. Finally, the cross-sectional nature of our study, though capable of
identifying patients at fibrosis risk, does not provide prognostic data on the time course of fibrosis progression. Additionally,
our ML model, while showing strong performance, was not externally validated by other centers. Despite these limitations,
our study validated the potential of radiomics-based ML models in predicting hepatic fibrosis risk in NAFLD and T2DM
patients. Future research should involve multi-center, prospective studies with larger sample sizes, integrating inter-rater
reliability tests to enhance the reliability and applicability of the model. Such studies could provide deeper insights into the
progression of hepatic fibrosis and refine the predictive capabilities of ML models, ultimately aiding in the development of
more effective diagnostic and therapeutic strategies for this patient population.

In conclusion, the conducted evaluation revealed that the SVM, utilizing radiomics from SWE and grayscale liver images,
emerged as the superior ML model for predicting fibrosis progression risk in patients with T2DM and NAFLD. As an
innovative approach in combining multimodal ultrasound radiomics with ML, our developed SVM model, with ongoing
refinements, holds the promise of quantifying fibrosis progression risk more accurately. Such a development is anticipated to
improve patient compliance with long-term lifestyle modifications and aid in optimizing treatment plans more effectively.
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