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Purpose: To develop and validate a combined model for predicting gout risk by integrating ultrasound (US) features as novel risk 
factors with clinical data and predictions from deep learning (DL) models.
Patients and Methods: This retrospective study included 609 cases who underwent first metatarsophalangeal (MTP1) joint US at two 
centers. Data from Center 1 were divided into a training group (70%, n = 355) and an internal testing cohort (ITC) (30%, n = 162). Data 
from Center 2 served as an external testing cohort (ETC) (n = 92). A DL diagnostic model based on MTP1 US images was developed to 
obtain diagnostic predictions. Clinical data, US features, and DL predictions were integrated, and logistic regression analysis was 
performed to identify independent risk factors. Various models were constructed (clinical, US, clinical-US, clinical-DL, and combined), 
and the best model was interpreted with a nomogram. Multicollinearity was assessed using the variance inflation factor. Model 
performance was evaluated using the receiver operating characteristic (ROC) curves, calibration plots, and decision curve analysis (DCA).
Results: The combined model, incorporating clinical data (gender, serum uric acid [SUA]), US features (tophus, double contour sign 
(DCs), bone erosion), and DL predictions, exhibited the best performance. For the ITC, the area under the curve (AUC) and Brier 
scores were 0.904 (95% CI: 0.843~0.965) and 0.100 (0.066~0.140), respectively. For the ETC, they were 0.881 (95% CI: 0.815~0.947) 
and 0.160 (0.107~0.221). DCA confirmed the clinical utility of the combined nomogram.
Conclusion: A nomogram was constructed based on seven risk predictors (gender, SUA, estimated glomerular filtration rate (eGFR), 
tophus, bone erosion, DCs, and DL prediction) to predict and quantify gout risk.

Plain Language Summary:  
● We developed a new method to predict gout risk by combining clinical data, ultrasound features, and deep learning technology.
● We created a simple-to-use scoring tool that doctors can use to assess the likelihood of patients developing gout.
● Three key ultrasound features (tophus, double contour sign, and bone erosion) can help predict gout risk.
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Introduction
Gout is a crystalline inflammatory arthritis characterized by recurrent flares and joint deformities. The first metatarso
phalangeal (MTP1) joint is the most commonly affected site in gouty arthritis (GA).1,2 Its increasing prevalence, 
particularly among younger populations, poses significant challenges to patients’ quality of life and healthcare systems.3,4
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Ultrasound (US) has become the preferred imaging tool for diagnosing GA due to its low cost, lack of radiation, 
ability to perform real-time dynamic scanning, and high repeatability. It effectively distinguishes gout from other 
inflammatory joint diseases by identifying four key features: double contour sign (DCs), tophus, aggregates, and bone 
erosion.5–7 The updated 2018 recommendations from the European League Against Rheumatism (EULAR) emphasize 
the important role of US in gout diagnosis while urging clinicians to focus on the potential risk factors associated with the 
disease.8

Recent advances in artificial intelligence (AI) have shown promise in improving gout diagnosis and risk stratification. 
Several approaches have been explored: Shay et al9 developed machine learning (ML) models using clinical and laboratory 
data to identify gout risk in hyperuricemic patients, while metabolomics-based approaches by Wang et al10 and Shen et al11 

demonstrated the potential of biochemical markers for disease prediction and differentiation. Jatuworapruk et al12 focused on 
predicting gout flares in hospitalized patients using clinical parameters. More recently, Lin et al13 developed a US radiomics- 
based nomogram combining imaging features with clinical data, achieving promising diagnostic performance (the area 
under the curve, AUC 0.905) in a single-center study. While this radiomics approach successfully demonstrated the 
feasibility of quantitative image analysis for gout diagnosis, it had several important limitations that restrict its clinical 
translation. First, the radiomics methodology relied on high-dimensional feature extraction that lacked direct clinical 
interpretability, making it difficult for clinicians to understand which specific imaging characteristics contributed to the 
diagnostic decision. Second, the clinical parameter assessment was limited to basic laboratory markers, without incorporat
ing comprehensive risk factors such as renal function (estimated Glomerular Filtration Rate, eGFR), medication history, and 
lifestyle factors that are known to influence gout development. Third, validation was restricted to a single center, raising 
questions about generalizability across different patient populations and healthcare settings. In our team’s previous research 
endeavors, we developed a deep learning (DL)-based automated diagnostic model for gout using US images of the MTP1 
joint, which achieved excellent diagnostic performance.14 However, this initial study was limited by its small sample size 
and single-center design, raising questions about generalizability. Subsequently, we developed an interpretable ML model 
that successfully integrated clinical and US features for gout diagnosis, demonstrating the feasibility of multimodal feature 
integration with good clinical interpretability.15 Despite providing valuable insights through feature importance analysis, this 
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approach utilized traditional ML algorithms and lacked comprehensive integration of clinical parameters, particularly 
missing key factors such as eGFR, medication history, and lifestyle factors that are known to influence gout development 
and risk stratification.

Therefore, this study addresses these limitations by developing an integrated gout risk prediction model that combines 
automated DL predictions from MTP1 joint images, comprehensive clinical parameters, and explicit US diagnostic 
features. This integrated approach aims to improve diagnostic accuracy and clinical applicability, with results presented 
as an interpretable nomogram to support clinical decision-making, while ensuring robust validation through evaluation of 
external datasets.

Materials and Methods
Study Population and Data Preparation
This study was conducted in accordance with the Declaration of Helsinki. All experimental protocols were approved by 
the Ethics Committee of the Affiliated Hospital of Qingdao University (QYFY WZLL 28151). Due to the retrospective 
nature of the study, the Ethics Committee of the Affiliated Hospital of Qingdao University waived the need for obtaining 
informed consent.

To assess model generalizability across distinct settings, we included two centers with differing geographical 
locations and patient populations. All data were collected from Center 1 (the Affiliated Hospital of Qingdao 
University) and Center 2 (Shandong Province Chronic Disease Hospital). A retrospective analysis was conducted on 
the clinical data and US images of the MTP1 joint from patients who underwent US examinations at Center 1 from 
February 2023 to June 2024, and Center 2 from March 2024 to June 2024. Center 1 represents a general hospital serving 
a more diverse population, while Center 2 represents a municipal tertiary hospital with high gout prevalence. Sample size 
was determined through power analysis using G*Power 3.1.9.7 (α = 0.05, power = 0.80), which indicated a minimum 
requirement of 82 patients for the external testing cohort (ETC) to detect a moderate effect size (Cohen’s d = 0.5) in 
model performance metrics. In Center 1, cohorts were divided based on the data collection period: the first 70% were 
allocated to the training cohort (TC) and the remaining 30% to the internal testing cohort (ITC). Patients from Center 2 
were designated as the ETC. Each cohort was classified into gout and non-gout groups according to the 2015 ACR/ 
EULAR gout classification criteria.

The inclusion criteria were as follows: Patients suspected of gout who underwent US examinations of the MTP1 and 
had laboratory test results. The exclusion criteria were as follows: (1) Time interval between US examination and 
laboratory test exceeding 7 days; (2) US images that were blurry, of poor quality, or did not adequately display the MTP1 
joint anatomical structures; (3) Incomplete clinical data (>20% missing values). The patient recruitment process is 
illustrated in Figure 1.

US Examination Protocol and Image Annotation
All US examinations were independently performed and diagnosed by one experienced radiologist from Center 1 and one 
from Center 2. At Center 1, the US examination was conducted using an ARIETTA 70 device with a 12L6 linear array 
transducer (frequency range 9–14 MHz). At Center 2, the examination was performed using a Mindray device with an 
L12-4s linear array transducer (frequency range 6.6–13 MHz). All the scanning and acquisition followed the 2017 
EULAR standardized procedures for US imaging in rheumatology and the US imaging acquisition methods for assessing 
the MTP1 outlined by Molyneux et al16,17 All US examinations were independently performed following standardized 
protocols (Supplementary Methods S1). At least 9 static images were captured for each patient to comprehensively 
illustrate the changes in anatomical details. All US images were stored in DICOM format for subsequent analysis.

Two radiologists annotated the MTP1 joint images using Micro DICOM Viewer (32-bit) software. The radiologists 
jointly reviewed and recorded image characteristics for each joint and created an index table as the foundational data for 
training and evaluating DL models. The evaluation content included: location (dorsum, medial and sole of the toe) and 
lesions (aggregates, DCs, tophus, bone erosion, synovial thickening, and joint effusion), as illustrated in Figure S1. To 
ensure accuracy, any uncertainties in the annotations were discussed and agreed upon with a radiologist with over 10 
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years of experience. Inter-observer agreement analysis and bias control measures were implemented to minimize 
potential biases (Supplementary Methods S2).

Clinical Baseline Factors Collection and Selection
Baseline clinical factors were derived from the patients’ electronic medical records and standardized questionnaire. Before 
constructing the model, all available predictive factors underwent preliminary screening, followed by a literature review and 
expert consultation to identify potential candidate predictors. Factors with over 20% missing values were excluded in the 
following analyses to minimize the bias resulting from missing data. Finally, 22 factors, including age, gender, body mass index 
(BMI), eGFR, alanine aminotransferase (ALT), aspartate aminotransferase (AST), AST/ALT ratio, blood glucose (GLU), 
triglycerides (TG), cholesterol (CH), blood urea nitrogen (BUN), creatinine (CREA), serum uric acid (SUA), and creatinine 
clearance rate (CCR), diuretics, allopurinol, diabetes, hypertension, cardiovascular disease (CVD), smoking status, alcohol 
consumption, dietary habits, were utilized to develop models.

Figure 1 The workflow diagram of patient recruitment. 
Abbreviations: MTP1, first metatarsophalangeal.
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Development and Validation of DL Models
In this study, we compared four DL networks with distinct architectures—DenseNet121,18 Alexnet,19 ResNet1820 and 
VGG1121—to develop a US diagnostic model for GA based on MTP1 joint US images. These four DL architectures were 
selected based on their proven performance in medical image analysis tasks and complementary strengths: DenseNet121 
for efficient feature reuse, ResNet18 for deep architecture training, AlexNet and VGG11 as established benchmarks. Each 
architecture offers unique advantages in handling different aspects of US image features. By comparing these networks 
with different architectures, we aimed to identify the model with optimal diagnostic performance.

We set the learning rate to 1e-4, the batch size to 16, and trained each network for 50 epochs. DenseNet121 consists of 
four dense blocks and one linear layer, where each layer in a block is connected to all preceding layers, enhancing feature 
map reuse. For gout diagnosis, we applied the softmax function to convert the feature maps into probabilities, using cross- 
entropy loss and backpropagation for training. Similarly, AlexNet was built with five convolutional layers and three fully 
connected layers, incorporating ReLU activation, max pooling, and dropout layers to reduce overfitting. ResNet18 consists 
of eight residual blocks with skip connections, processing input images through ReLU activation and batch normalization. 
VGG11 uses small 3 × 3 convolution kernels, eight convolutional layers, fully connected layers, and max pooling, all with 
ReLU activation. Each model was trained with cross-entropy loss, a learning rate of 1e-4, and a batch size of 16.

For input data, US images were collected from three different positions of the MTP1 joint (dorsal, medial, and plantar 
views). For each subject, we randomly selected three images from each position, resulting in nine images as inputs to the 
network. These images were cropped to 700 × 320 pixels from the central area and normalized for consistency in pixel 
value distribution. Data augmentation, including translation, was applied to increase the diversity of training data and 
improve the model’s generalization capabilities. After training, we evaluated the models using both ITC and ETC. 
Additionally, Gradient-weighted Class Activation Mapping (Grad-CAMs)18,22 was used to generate heatmaps that 
highlight regions of interest in the images, aiding in the interpretation of the model’s decision-making process and 
identifying key biomarkers for gout diagnosis.

This experiment was conducted on the Linux 4.4.0 operating system with an x86_64 processor, using the Pytorch 
1.13.1 framework and Python 3.8. The hardware included an Intel(R) Xeon(R) CPU E5-2620 v4 @ 2.10 GHz and an 
NVIDIA GeForce RTX 3090 GPU, with 24GB of memory. All programs were implemented through the open-source 
framework PyTorch.

Development of the Risk Prediction Models and Nomogram
Univariate logistic regression analysis was performed on TC, and variables with significance (p < 0.05) were included in 
the multivariate logistic regression analysis using the forward likelihood ratio method to determine independent risk 
factors for gout. Based on the results of the multivariate logistic regression analysis, clinical characteristics, US features, 
and DL model were separately or jointly included in the model. Five models were constructed: clinical model (C model), 
US model, clinical- US model (C-U model), clinical-DL model (C-DL model), and combined nomogram (including 
clinical data, US features and DL). The variance inflation factor (VIF) was then used to assess whether collinearity 
existed among the variables within each predictive model. A VIF >5 was considered indicative of collinearity between 
two variables.

Statistical Analysis
Statistical analyses were conducted using SPSS version 27.0, R version 4.3.3, and Python version 3.8. Continuous 
variables were expressed as mean ± SD or median (interquartile range) based on distribution normality. Categorical 
variables were presented as numbers (percentages) and compared using chi-square test or Fisher’s exact test.

Missing data patterns were evaluated across 22 candidate variables (excluding US features and DL model predictions 
which had complete data). Multiple imputation using chained equations (MICE) was implemented for variables with less 
than 20% missingness, using 10 imputations with 20 iterations each. Missing Data Analysis and Imputation Procedures 
are detailed in Supplementary Methods S3. Convergence was confirmed through trace plots and potential scale reduction 
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factors below 1.03 (Figure S2 A and B). Sensitivity analyses were conducted to evaluate the robustness of our findings, 
with detailed methods and results provided in Supplementary Methods S4.

Univariate logistic regression analysis was performed to identify potential risk factors, with Benjamini–Hochberg 
false discovery rate (FDR) correction applied to control for multiple comparisons (q = 0.05). Variables with FDR- 
adjusted p < 0.05 and established clinical relevance were included in multivariate analysis using forward likelihood ratio 
method. Multicollinearity was assessed using variance inflation factors (VIF), with VIF >5.0 indicating problematic 
collinearity.

Based on multivariate results, five prediction models were constructed: clinical model (C), US model, clinical-US 
model (C-U), clinical-DL model (C-DL), and combined nomogram incorporating all significant predictors. Model 
performance was evaluated using sensitivity, specificity, accuracy, the receiver operating characteristic (ROC) curve, 
and F1 score. Optimal cut-off values were determined using maximum Youden index. AUC comparisons were performed 
using DeLong test.

Model goodness of fit was assessed using R-squared, Akaike Information Criterion (AIC), root mean square error 
(RMSE), and mean absolute error (MAE). Calibration performance was evaluated using calibration curves with 1000 
bootstrap resamples and Brier scores. The Brier score ranges from 0 to 1, where 0 indicates perfect prediction and 1 
indicates the worst prediction, with models achieving a Brier Score <0.2 typically regarded as exhibiting satisfactory 
performance, while those with a Brier Score >0.3 require further optimization. Decision curve analysis (DCA) was 
performed to evaluate clinical utility at different threshold probabilities. All statistical tests were two-sided, with p < 0.05 
considered statistically significant.5

Results
Baseline Characteristics
The study encompassed a total of 609 joints from Center 1 and Center 2, comprising 6860 images of MTP1 from 551 
patients. TC includes 355 joints (4,086 images) from 340 patients, comprising 250 gout and 105 non-gout cases; ITC 
includes 162 joints (1,810 images) from 154 patients, comprising 122 gout and 40 non-gout cases; ETC includes 92 
joints (964 images) from 57 patients, comprising 57 gout and 35 non-gout cases.

Missing data analysis revealed that 563 patients (92.4%) had complete data across all 22 variables, with remaining 
cases showing predominantly survey-related missing patterns (Table S1 and Figure S2 C and D). Detailed clinical 
parameters and US features of the three cohorts were presented in Table 1.

Performance of Different DL Networks and Visualization
In this study, diagnostic results of our Densenet121 were compared with other DL networks including Alexnet,19 

ResNet1820 and VGG11.21 These DL networks are widely used to learn features for image classifications and we replace 
the Densenet121 with these networks to learn the features of US images. The results were compared in Table 2 and 
Figure 2. In both the ITC and ETC, DenseNet121 demonstrated superior overall performance compared to other DL 
networks, achieving the highest diagnostic efficacy. In the ITC, DenseNet121 achieved an AUC of 0.939 (95% CI: 0.898, 
0.973), with an accuracy of 0.878, sensitivity of 0.875, and specificity of 0.885. In the ETC, the corresponding values 
were 0.881 (95% CI: 0.779, 0.947), 0.821, 0.727, and 0.889. Delong’s test revealed statistically significant differences in 
AUC values between DenseNet121 and both AlexNet and VGG11 in the ITC (P = 0.014, P = 0.002). In the ETC, 
DenseNet121’ s AUC was higher than those of the other networks, although this difference was not statistically 
significant. Additionally, Grad-CAM visualizations produced by the DL networks highlighted regions within the images 
that contributed significantly to feature generation outputs. These heterogeneous signal areas are critical for feature 
extraction. Each DL network exhibited distinct attention regions (Figure 3). Grad-CAM visualizations generated by 
DenseNet121 showed that the model primarily focused on important anatomical structures within and around joints, as 
well as areas of crystal deposition or lesions. This alignment with radiologists’ attention patterns suggested the model 
learned meaningful feature representations rather than spurious correlations. In summary, we selected DenseNet121 as 
the foundational network for our DL diagnostic model.
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Table 1 Baseline Features of the Cohorts

Baseline Features TC (n = 355) ITC (n = 162) ETC (n = 92)

Gout 
(n = 250)

Non- 
Gout 
(n = 105)

P value Gout 
(n = 122)

Non- 
Gout 
(n = 40)

P value Gout 
(n = 57)

Non- 
Gout 
(n = 35)

P value

Clinical parameters

Age (year)# 43 ± 14 40 ± 14 0.079 42 ± 14 41 ± 16 0.619 42 ± 13 43 ± 16 0.789

Gender* 
(male/female)

244/6 95/10 0.008 118/4 36/4 0.200 57/0 28/7 0.002

BMI (kg/m2) # 27.59 ± 

7.80

26.72 ± 

3.49

0.263 26.95 ± 

3.33

26.14 ± 

2.70

0.375 28.08 ± 

3.47

29.75 ± 

1.95

0.075

eGFR# (mL/min/1.73m2) 92 ± 23 94 ± 21 0.042 91 ± 24 93 ± 22 0.038 90 ± 25 92 ± 23 0.045

ALT (mg/dl) # 29(24) 24(22) 0.108 25(20) 25(22) 0.944 33(52) 30(60) 0.392

AST (mg/dl) # 22(9) 21(8) 0.345 21(8) 21(5.5) 0.238 23(18) 24(17) 0.947
AST/ALT (mg/dl) # 0.75(0.33) 0.85(0.43) 0.082 0.82(0.35) 0.87(0.71) 0.238 0.65(0.41) 0.65(0.69) 0.326

GLU (mg/dl) # 5.75 ± 

0.96

5.62 ± 

0.77

0.161 5.60 ± 

0.63

5.17 ± 

1.13

0.023 6.21 ± 

1.90

5.15 ± 

0.57

<0.001

TG (mg/dl) # 1.92(1.50) 1.62(1.25) 0.650 1.91(1.58) 1.92(1.63) 0.784 1.91(1.08) 1.91(0.99) 0.324

CH (mg/dl) # 5.06 ± 

0.87

4.84 ± 

1.00

0.036 5.05 ± 

1.00

4.98 ± 

1.02

0.650 5.21 ± 

0.81

5.37 ± 

0.70

0.486

BUN (mg/dl) # 5.1 ± 3.7 5.6 ± 3.2 0.491 4.8 ± 1.5 4.9 ± 1.2 0.060 6.2 ± 2.7 4.7 ± 1.6 0.038

CREA (mg/dl) # 88 ± 37 87 ± 46 0.813 85 ± 14 89 ± 10 0.100 96 ± 37 81 ± 13 0.009

SUA (mg/dl) # 486 ± 123 397 ± 110 <0.01 498 ± 113 376 ± 101 <0.001 409 ± 130 354 ± 54 0.009
Ccr (mg/dl) # 106(45) 106(47) 0.479 104(40) 101(35) 0.879 102(42) 89(58) 0.051

Diuretics* 45(18.0%) 12(11.4%) 0.023 22(18.0%) 5(12.5%) 0.034 10(17.5%) 4(11.4%) 0.042

Allopurinol* 88(35.2%) 15(14.3%) <0.001 42(34.4%) 6(15.0%) 0.001 20(35.1%) 5(14.3%) 0.002
Diabetes* 58(23.2%) 18(17.1%) 0.038 28(23.0%) 7(17.5%) 0.045 13(22.8%) 6(17.1%) 0.049

Hypertension* 75(30.0%) 22(21.0%) 0.029 36(29.5%) 8(20.0%) 0.033 17(29.8%) 7(20.0%) 0.041

CVD* 42(16.8%) 12(11.4%) 0.044 20(16.4%) 5(12.5%) 0.048 9(15.8%) 4(11.4%) 0.047
Current Smoker* 85(34.0%) 30(38.6%) 0.043 41(33.6%) 11(27.5%) 0.046 19(33.3%) 10(28.6%) 0.048

Regular Alcohol* 92(36.8%) 28(26.7%) 0.021 44(36.1%) 11(27.5%) 0.028 21(36.8%) 9(25.7%) 0.032
High Purine Diet* 78(31.2%) 25(23.8%) 0.027 38(31.1%) 9(22.5%) 0.031 18(31.6%) 8(22.9%) 0.035

US Features

Aggregates* 
(positive/negative)

194/56 44/61 <0.001 100/22 15/25 <0.001 30/27 3/32 0.001

Synovial thickening* 

(positive/negative)

141/109 25/80 <0.001 87/35 9/31 <0.001 5/52 1/34 0.496

Tophus* 

(positive/negative)

183/67 10/95 <0.001 65/57 5/35 <0.001 30/27 7/28 0.002

Bone erosion* 
(positive/negative)

124/126 4/101 <0.001 60/62 5/35 <0.001 23/34 6/29 0.020

Joint effusion* (positive/ 

negative)

45/205 12/93 0.124 22/100 3/37 0.178 0/57 0/35 /

DCs* 

(positive/negative)

185/65 29/76 <0.001 79/43 14/26 <0.001 28/29 11/24 0.095

DL model* 
(positive/negative)

225/25 13/92 <0.001 102/20 7/33 0.001 41/16 9/26 <0.001

Notes: #Continuous variables were expressed as mean ± standard deviation or median (interquartile range, p value was calculated with Student’s t-test or Mann–Whitney 
U-test. *Categorical variables were expressed as numbers (n), p value was calculated with the chi-square test or Fisher’s exact test. 
Abbreviations: TC, training cohort; ITC, internal testing cohort; ETC, external testing cohort; BMI, Body Mass Index; eGFR, estimated Glomerular Filtration Rate; ALT, 
Alanine Aminotransferase; AST, Aspartate Aminotransferase; GLU, Glucose; TG, Triglycerides; CH, Cholesterol; BUN, Blood Urea Nitrogen; CREA, Creatinine; SUA, 
Serum Uric Acid; Ccr, Creatinine Clearance Rate; CVD, Cardiovascular Disease; DCs, Double contour sign; DL, Deep Learning.
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Development and Validation of the Risk Prediction Models
Univariate analysis revealed significant associations after FDR correction (adjusted P < 0.05) between gender, eGFR, 
SUA, regular alcohol, high purine diet, aggregates, synovial thickening, tophus, bone erosion, DCs, and the DL model 
predicted value with gout (Table S2). Multivariate analysis identified gender, SUA, eGFR, tophus, bone erosion, DCs, 
and the DL model as independent predictors of gout (Table 3). The clinical characteristics, US features, and DL model 
from the multivariate analysis were included separately or in combination into five risk prediction models. Collinearity 
diagnostics for the variables in the five models showed no multicollinearity, as indicated by VIF values.

In both the ITC and the ETC, the combined nomogram, constructed from clinical characteristics, US features, and the 
DL model, outperformed the C model, US model, C-U model, and C-DL model in predicting gout risk. Specifically, the 
AUC values for the combined nomogram in the ITC and ETC were 0.904 (95% CI: 0.843, 0.965) and 0.881 (95% CI: 
0.815, 0.947), respectively. DeLong tests showed that in the ITC, the combined nomogram’ s AUC was significantly 
higher than that of the C model, US model, and C-DL model (P < 0.001, P = 0.001, P = 0.042). In the ETC, the combined 
nomogram’ s AUC was significantly higher than that of the C model, US model and C-U model (P = 0.003, P < 0.001, 
P = 0.018). In the TC, the combined nomogram’ s Youden index was 0.884, with an optimal cutoff point of 0.569 (95% 
CI: 0.886~0.952). A Youden index of 0.884 indicated excellent performance in distinguishing true positive from true 
negative cases, reflecting high classification accuracy. The optimal cutoff of 0.569 suggested a well-balanced trade-off 
between sensitivity and specificity at this threshold. This threshold signified that patients with a risk score exceeding 
0.569 were classified as high-risk for gout. As depicted in the nomogram (Figure 4), clinical characteristics, US features, 

Table 2 The Performance Comparison of Different DL Networks

Models Cohort AUC (95% CI) Accuracy Sensitivity Specificity PPV NPV

Densenet121 ITC 0.939(0.898,0.973) 0.878 0.875 0.885 0.938 0.780
ETC 0.881(0.779,0.947) 0.821 0.727 0.889 0.828 0.816

Alexnet ITC 0.821(0.750,0.886) 0.769 0.721 0.865 0.915 0.608

ETC 0.809(0.698,0.908) 0.782 0.636 0.889 0.808 0.769
ResNet18 ITC 0.917(0.869,0.957) 0.840 0.885 0.750 0.876 0.765

ETC 0.857(0.764,0.934) 0.821 0.667 0.933 0.880 0.792

Vgg11 ITC 0.860(0.795,0.917) 0.808 0.913 0.596 0.819 0.775
ETC 0.881(0.788,0.953) 0.756 0.788 0.733 0.684 0.825

Abbreviations: AUC, Area Under the Curve; CI, Confidence Interval; PPV, Positive Predictive Value; NPV, Negative Predictive 
Value; ITC, internal testing cohort; ETC, external testing cohort.

Figure 2 ROC curves of different DL networks in the ITC (A) and ETC (B), respectively. 
Abbreviations: ROC, Receiver operating characteristic; DL, deep learning; ITC, internal testing cohort; ETC, external testing cohort.
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and the DL model can be calculated using the obtained features. Each feature was assigned a score on a scale from 0 to 
100. By summing the scores of each feature, a total score was obtained. Projecting this score onto the bottom risk axis 
allows prediction of gout risk in suspicious patients. Performance comparisons of the five models across the three cohorts 
were shown in Table 4, Figure 5A and B, with confusion matrices in Figure S3.

Among the five risk prediction models, the combined nomogram had the lowest AIC value (162.12), followed by the 
C-DL model (214.45) and US model (215.63), while the C-U model (321.41) and C model (328.25) having the highest 
AIC values. The combined nomogram also had the highest R2 (0.713), the lowest MSE and RMSE values (0.057, 0.240). 
Considering AIC, MSE, and RMSE together, the combined nomogram demonstrated good goodness of fit. Additionally, 
the calibration curve for the combined nomogram indicated a good match between predicted and observed outcomes 
(Figure 5C). Among the five models, the combined nomogram achieved the lowest Brier scores of 0.058(0.039, 0.076) in 
the TC, 0.100(0.066, 0.140) in the ITC, and 0.160(0.107, 0.221) in the ETC. This indicates that the combined nomogram 
outperformed the other models across all datasets, exhibiting the smallest prediction errors and the highest accuracy. 
Notably, its Brier score of only 0.058(0.039,0.076) in the TC further underscores the model’s superiority. This suggests 
that the combined nomogram not only demonstrates excellent predictive performance in the TC but also possesses 
relatively strong generalization capabilities in both ITC and ETC, highlighting its significant clinical application 
potential. DCA validated the clinical decision utility of the five models. DCA showed that the combined nomogram 
provided more net benefit than the “all” or “none” intervention strategies across all threshold probabilities in the three 
cohorts (Figure 5D). Furthermore, the combined nomogram exhibited a larger area compared to the other four models.

Figure 3 Grad-CAM visualization results of different DL networks in analyzing MTP1 ultrasound images. The color intensity represents the contribution of each region to 
the model’s decision - red indicates higher importance while blue indicates lower importance. (A) Original ultrasound image with lesion indicated by arrow (B) 
DenseNet121 (C) ResNet18 (D) VGG11 (E) AlexNet. 
Abbreviations: DL, deep learning; MTP1, first metatarsophalangeal.
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Discussion
This study integrated DL models with clinical data and US features to develop a comprehensive nomogram for predicting 
gout risk, which was subsequently validated using an independent ETC. The results showed that: (1) The DL model 
could effectively distinguish patient with gout from non-gout, demonstrating excellent performance with AUC values of 
0.939 and 0.881 in the ITC and ETC, respectively. (2) The combined nomogram, integrating clinical data, US features, 
and the DL model, outperformed models basing on single or dual features in predicting gout risk, showing the best 
performance in both the ITC and ETC. The DCA validated the clinical decision utility of the combined nomogram.

Table 3 Multivariate Logistic Regression Analysis of 
Combined Nomogram in the TC

Variables Combined Nomogram

β OR (95% CI) p value

Gender 1.545 4.688(1.241, 17.702) *0.023
SUA 0.007 1.007(1.004, 1.010) *<0.001

eGFR −0.015 0.985(0.972, 0.998) *0.025

Aggregates −0.235 0.791(0.326, 1.918) 0.605
Synovial thickening 0.082 1.085(0.481, 2.448) 0.847

Regular Alcohol 0.351 1.420(0.662, 3.046) 0.368

High Purine Diet 0.281 1.324(0.615, 2.851) 0.474
Tophus 1.632 5.110(2.256, 11.580) *<0.001

Bone erosion 1.271 3.565(1.331, 9.546) *0.012

DCs 0.649 1.913(1.005, 3.644) *0.048
DL model 0.934 2.544(1.238, 5.224) *0.011

Note: *P < 0.05. 
Abbreviations: CI, Confidence Interval; TC, training cohort; C-U model, 
clinical–ultrasound model; OR, Odds ratio; SUA, Serum Uric Acid; eGFR, 
estimated Glomerular Filtration Rate; DCs, Double contour sign; DL, Deep 
Learning.

Figure 4 A combined nomogram based on DL integrated with clinical data and US features. It incorporates gender, SUA, eGFR, tophus, DCs, bone erosion, and DL. 
Abbreviations: DL, Deep Learning; SUA, Serum Uric Acid; eGFR, estimated Glomerular Filtration Rate; DCs, Double contour sign.
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GA is the most common type of inflammatory arthritis, with a significantly higher incidence in males than females, 
and the prevalence increases with advancing age. During acute flares, it is characterized by severe erythema, swelling, 
and pain in one or multiple joints, which may progress to chronic destructive arthropathy. In severe cases, it can involve 
other vital organs such as kidneys, substantially impairing patients’ quality of life and potentially affecting life 
expectancy.23

In recent years, US examination has gained widespread recognition and application in gout detection.24 Han et al25 

conducted a single-center prospective cohort study investigating patients initiating urate-lowering therapy, exploring the 
value of musculoskeletal US in predicting gout flares. This study employed conventional statistical methods to achieve 
moderate predictive accuracy (AUC = 0.72) for forecasting gout flares. With the rapid advancement of AI technology in 
the medical field, it has demonstrated significant value in US-assisted diagnosis through automated image analysis, 
precise feature recognition, and intelligent decision support, effectively enhancing diagnostic efficiency and accuracy. Lin 
et al13 developed a gout prediction model in the form of a nomogram by integrating clinical information and US imaging 
features, achieving excellent diagnostic performance (AUC = 0.905). However, their nomogram lacked specific clinical 
indicators and imaging features, contained incomplete clinical predictive factors, and the radiomics-derived features had 
low clinical interpretability, making it difficult for clinicians to understand and accept features lacking biological 
significance. Additionally, the single-center design limited the model’s generalizability. In our previous research,15 we 
developed a gout joint prediction model based on ML (incorporating clinical and US features). However, ML models are 
highly dependent on data quality, lack interpretability and causal reasoning capabilities, are prone to bias, and have 
limited generalization ability in new environments. Furthermore, the clinical factors included lacked key information 
crucial for gout prediction (laboratory parameters, lifestyle, and dietary habits), and the visualization method (SHapley 
Additive exPlanations) could not quantify gout risk. To our knowledge, DL technology can automatically learn high-level 
feature representations from large volumes of complex data and demonstrate superior performance in processing 
unstructured data such as images and text.26 Therefore, to address the aforementioned limitations, this study constructed 
a comprehensive model for predicting gout risk based on DL technology, incorporating more comprehensive clinical 
predictive factors. Moreover, nomograms, as statistical tools, can predict individual-specific outcomes by transforming 
complex regression equations into intuitive graphical representations, thereby assisting clinicians in identifying high-risk 

Table 4 The Performance of the Different Risk Prediction Models

Models AUC (95% CI) Sensitivity Specificity Accuracy PPV NPV F1 Value Brier Score (95% CI)

TC
US model 0.924(0.894,0.954) 0.896 0.899 0.887 0.941 0.874 0.918 0.086(0.064,0.109)

C model 0.841(0.795,0.887) 0.848 0.848 0.806 0.872 0.740 0.860 0.145(0.124,0.165)

C-U model 0.925(0.894,0.956) 0.890 0.888 0.873 0.924 0.849 0.906 0.093(0.072,0.115)
C-DL model 0.937(0.908,0.967) 0.902 0.899 0.882 0.925 0.851 0.913 0.081(0.061,0.101)

Combined nomogram 0.964(0.943,0.986) 0.940 0.944 0.924 0.951 0.893 0.946 0.058(0.039,0.076)

ITC
US model 0.853(0.793,0.914) 0.787 0.790 0.784 0.914 0.780 0.846 0.143(0.108,0.184)

C model 0.803(0.729,0.877) 0.803 0.802 0.765 0.875 0.699 0.838 0.153(0.122,0.190)
C-U model 0.890(0.834,0.947) 0.787 0.790 0.802 0.941 0.842 0.857 0.121(0.090,0.156)

C-DL model 0.901(0.844,0.958) 0.828 0.827 0.827 0.935 0.827 0.878 0.107(0.073,0.146)

Combined nomogram 0.904(0.843,0.965) 0.877 0.877 0.870 0.947 0.855 0.911 0.100(0.066,0.140)
ETC

US model 0.709(0.605,0.812) 0.684 0.674 0.674 0.765 0.660 0.722 0.243(0.179,0.310)

C model 0.784(0.691,0.877) 0.632 0.630 0.761 0.973 0.967 0.766 0.180(0.141,0.220)
C-U model 0.825(0.742,0.908) 0.632 0.630 0.663 0.783 0.690 0.699 0.207(0.151,0.266)

C-DL model 0.863(0.788,0.939) 0.649 0.652 0.717 0.860 0.789 0.740 0.162(0.116,0.222)

Combined nomogram 0.881(0.815,0.947) 0.754 0.761 0.804 0.915 0.875 0.827 0.160(0.107,0.221)

Abbreviations: AUC, Area Under the Curve; CI, Confidence Interval; PPV, Positive Predictive Value; NPV, Negative Predictive Value; TC, training cohort; ITC, internal 
testing cohort; ETC, external testing cohort; C model, Clinical model; C-U model, Clinical- Ultrasound model; C-DL model, Clinical-Deep Learning model.
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Figure 5 Comparison of the clinical model, US model, clinical-ultrasound model, clinical-DL model, and combined nomogram performance based on the (i) TC, (ii) ITC, and 
(iii) ETC. (A) The receiving operating characteristic curves. (B) The radar chart visualization of prediction performance. (C) Calibration plot of the combined nomogram. 
(D) Decision curves analysis. 
Abbreviations: DL, Deep Learning; SUA, Serum Uric Acid; DCs, Double contour sign; TC, training cohort; ITC, internal testing cohort; ETC, external testing cohort.

https://doi.org/10.2147/JIR.S543363                                                                                                                                                                                                                                                                                                                                                                                                                                                           Journal of Inflammation Research 2026:19 12

Xiao et al                                                                                                                                                                            

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



patients while enabling quantification of gout risk.27 Consequently, we performed visualization and quantification in 
nomogram format.

In this study, four DL networks were employed for the differential diagnosis between gout and non-gout cases. 
DenseNet121 demonstrated superior overall performance when multiple metrics were considered simultaneously. It 
achieved the highest AUC values in both cohorts (ITC: 0.939, ETC: 0.881) while maintaining a balanced sensitivity- 
specificity profile (ITC: 0.875/0.885, ETC: 0.727/0.889). Most importantly, it exhibited consistent performance across 
both test cohorts, indicating superior generalization capability. In contrast, other models showed significant limitations: 
AlexNet achieved the lowest AUC values (0.821 and 0.809, respectively) and demonstrated lower sensitivity (0.721 and 
0.636, respectively), potentially resulting in numerous true gout cases being missed. Although ResNet18 showed 
excellent internal performance (AUC: 0.917), its performance declined markedly in ETC. VGG11 exhibited unstable 
performance with extremely low specificity in the ITC (0.596), leading to a high rate of false-positive results. From 
a clinical application perspective, the balanced performance characteristics of DenseNet121 are crucial. Its consistent 
sensitivity-specificity balance across different populations indicates reliability in various clinical settings, while its 
excellent negative predictive value (NPV) performance (0.780 and 0.816) is of significant importance for ruling out 
gout in low-risk patients. Furthermore, Grad-CAM visualization of DenseNet121 shows that the generated heatmap is 
overlaid on the MTP1 joint US images. The red regions mainly concentrated on the lesion areas. The high activation 
areas correspond to the regions of interest for radiologist, partially validating the effectiveness of the model.

Risk factors for gout have been reported in many studies.3,28–30 In this study, we integrated the features identified as 
independent risk factors in the multivariate regression analysis to construct a nomogram for the comprehensive 
assessment of gout risk in suspected patients, quantifying the risk into specific values to enhance the objectivity of the 
prediction to some extent. Similar with previous works,28–30 the multivariate regression analysis identified gender, SUA, 
eGFR, tophus, bone erosion, and DCs, as independent risk factors in our study. First, our study identified decreased 
eGFR as an independent risk factor for gout, which is consistent with the complex pathophysiological relationship 
between renal function and uric acid metabolism. The kidney plays a crucial role in uric acid homeostasis, with 
approximately two-thirds of uric acid excretion occurring through renal pathways.31 Reduced eGFR reflects impaired 
renal function, which can lead to decreased uric acid excretion and subsequent hyperuricemia. This creates a bidirectional 
relationship where hyperuricemia may further compromise renal function, establishing a vicious cycle.32 The nomogram 
in our study assigned significant points to decreased eGFR levels, highlighting its importance in gout risk assessment. 
This finding is particularly relevant for clinical practice as it suggests that patients with compromised renal function, even 
those with moderately reduced eGFR, may benefit from more rigorous monitoring for gout development. Furthermore, 
the inclusion of eGFR in our prediction model emphasizes the need for a comprehensive approach to gout management 
that considers both the inflammatory aspects of the disease and the underlying metabolic and renal functions. Second, this 
study’ s multivariate regression analysis found that tophus, DCs, and bone erosion can be considered independent risk 
factors for gout, with tophus showing the highest score (approximately 30 points), followed by DCs (around 25 points). 
Though aggregates, tophus, DCs, and bone erosion were typical indication of GA on US, in clinical practice patients 
often exhibit only one or two of these suspicious signs. Currently, no guidelines explicitly state the weight of different 
signs in diagnosing GA. Therefore, this study helps guide radiologist in diagnosing GA to some extent. Previous 
studies28 suggested that age and BMI were independent risk factors for gout, however, in our study no significant 
differences in age or BMI were found between the gout and non-gout groups. This may be attributed to the fact that our 
study was conducted in a region with high gout prevalence, prompting patients to seek medical care at an earlier stage. 
This is evidenced by the finding that the mean age of gout patients in our study was lower than that reported in previous 
studies.33–35 Additionally, Karlsson et al36 found that the impact of higher BMI on increased gout risk is more 
pronounced in female, while large-scale epidemiological surveys show that the ratio of male to female gout patients 
can be as high as 20:1 before menopause, with the proportion of females gradually increasing after menopause. In this 
study, the male-to-female ratio in the TC was 21:1, while in the gout group, this ratio was 40:1, which further attenuated 
the effect of BMI on gout risk and explained the validity of our findings. The observed differences in baseline 
characteristics between cohorts, particularly in gender ratio and serum uric acid levels, reflect the real-world 

Journal of Inflammation Research 2026:19                                                                                          https://doi.org/10.2147/JIR.S543363                                                                                                                                                                                                                                                                                                                                                                                                      13

Xiao et al

Powered by TCPDF (www.tcpdf.org)Powered by TCPDF (www.tcpdf.org)



heterogeneity in patient populations. Despite these differences, our model maintained robust performance in the ETC, 
suggesting good generalizability across diverse clinical settings.

Recent developments in nomograms emphasize their predictive values in disease assessment, diagnosis, and 
therapy effectiveness.37–39 Therefore, we developed a simple and practical combined nomogram that integrates 
clinical data, US features, and DL prediction values for accurate, personalized gout risk prediction. In this study, 
the combined nomogram constructed based on gender, SUA, eGFR, tophus, DCs, bone erosion, and DL prediction 
values showed good calibration and satisfactory discrimination in ITC and ETC (AUC = 0.904, AUC = 0.881). The 
combined nomogram yielded a Youden index of 0.884, indicating strong diagnostic performance. The optimal cutoff 
point for risk prediction was determined to be 0.569 (95% CI: 0.886–0.952). This threshold signifies that patients with 
a risk score exceeding 0.569 are classified as high-risk for gout. This nomogram serves as a quantitative risk 
assessment tool for gout that integrates multiple risk factors to provide individualized risk scores for patients. For 
clinicians, it can assist in developing precision treatment strategies, while for patients, it provides intuitive visualiza
tion of disease risk, enhances health awareness, improves treatment adherence, and facilitates shared decision- 
making.

Our study has several limitations that need to be addressed in future work. First, while this is a retrospective analysis 
with a large sample size and strong model performance, prospective implementation studies are required to validate its 
long-term effectiveness and establish its practical utility across different healthcare settings, particularly in primary care 
and resource-limited environments. Second, the use of different US equipment between centers might introduce technical 
variations, although we implemented standardized protocols to minimize this impact. Third, the DL model was 
developed using only conventional static US images; integrating multimodal US information would help capture more 
data and improve clinical utility. Future studies incorporating dynamic US features and automated image acquisition 
protocols could enhance model performance.

Conclusion
In conclusion, our findings demonstrate that gender, SUA, eGFR, and US features (tophus, DCs, bone erosion, and 
DL predictions) serve as effective risk predictors for gout. Based on these predictors, we developed and validated 
a nomogram that quantifies gout risk, demonstrating excellent predictive performance in gout risk assessment. 
However, given the retrospective nature of this study, future prospective validation and real-world implementation 
research are essential to establish the clinical utility of this nomogram prior to widespread clinical adoption.

Abbreviations
US, Ultrasound; GA, gouty arthritis; DCs, Double contour sign; AI, Artificial Intelligence; MTP1, first metatarsopha
langeal; ML, Machine Learning; DL, Deep Learning; TC, Training cohort; ITC, Internal testing cohort; ETC, External 
testing cohort; BMI, Body Mass Index; eGFR, estimated Glomerular Filtration Rate; ALT, Alanine Aminotransferase; 
AST, Aspartate Aminotransferase; GLU, Glucose; TG, Triglycerides; CH, Cholesterol; BUN, Blood Urea Nitrogen; 
CREA, Creatinine; SUA: Serum Uric Acid; Ccr: Creatinine Clearance Rate; CVD, Cardiovascular Disease; VIF, variance 
inflation factor; PPV, positive predictive value; NPV, negative predictive value; ROC, receiver operating characteristic; 
AUC, area under the curve; RMSE, Root Mean Square Error; MAE, Mean Absolute Error; AIC, Akaike information 
criterion; DCA, Decision curve analysis.
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