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ABSTRACT 

Effective evaluation of lymphadenectomy risk is crucial in managing endometrial cancer (EC), as it requires 

balancing therapeutic outcomes with the potential for surgical complications and mortality. This study aimed to 

determine the additional diagnostic benefit of employing computer-assisted image segmentation combined with 

machine learning techniques that merge clinical indicators and diffusion-weighted magnetic resonance imaging 

(DWI-MRI) radiomic data for forecasting lymph node (LN) metastasis in EC. A total of 236 women diagnosed 

with EC (average age 51.2 ± 11.6 years) who underwent preoperative MRI between July 2010 and July 2018 were 

prospectively enrolled. Participants were randomly allocated into a training group (n = 165) and a validation group 

(n = 71). A decision tree classifier was established using several features: the tumor’s mean apparent diffusion 

coefficient (ADC; cutoff 1.1 × 10⁻³ mm²/s), relative ADC skewness (cutoff 1.2), LN short-axis diameter (cutoff 

1.7 mm), LN ADC skewness (cutoff 7.2 × 10⁻²), tumor grade (grade 1 versus grades 2–3), and clinical tumor 

diameter (cutoff 20 mm). The model demonstrated sensitivities of 94% (training) and 86% (validation) and 

specificities of 80% and 78%, respectively. Its diagnostic performance, indicated by an area under the ROC curve 

(AUC) of 0.85, significantly outperformed both the mean ADC-based model (AUC = 0.54) and LN short-axis 

diameter criteria (AUC = 0.62) (p < 0.0001). In summary, integrating clinical factors with MRI-derived radiomic 

attributes using a machine learning approach provides a superior framework for predicting LN metastasis in EC 

compared to conventional ADC and size assessments. 
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Introduction 

Endometrial cancer (EC) represents one of the most prevalent malignancies affecting the female reproductive 

system globally. Its incidence continues to rise, particularly in nations undergoing rapid economic and social 

development [1]. While early-detected EC generally carries a favorable prognosis [2], the presence of lymph node 

(LN) metastasis significantly worsens patient outcomes. Lymphadenectomy remains a crucial step for determining 

nodal involvement and planning appropriate adjuvant therapy [2]. Nevertheless, the necessity of performing 

routine lymphadenectomy in all EC cases is still debated [3, 4], mainly because of postoperative complications 

and the challenges posed by obesity during surgery. On the other hand, recent studies indicate that patients at 

intermediate or high risk of nodal metastasis may benefit from systematic lymph node removal [5]. These findings 

emphasize the need for accurate preoperative risk stratification to optimize treatment benefits while minimizing 

surgical morbidity and mortality. 

Magnetic resonance (MR) imaging plays an important role in assessing nodal spread and defining the anatomical 

boundaries for lymphadenectomy [6]. However, conventional MR methods, which typically identify suspicious 

nodes using a short-axis diameter threshold of 10 mm or greater, show limited diagnostic sensitivity—around 

48% [7]. Diffusion-weighted (DW) imaging has improved the visualization of pelvic lymph nodes [8, 9]; yet, the 
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clinical utility of apparent diffusion coefficient (ADC) values in predicting LN metastasis in EC remains 

controversial. Some investigations have demonstrated that metastatic nodes display significantly lower mean [10] 

and relative [11] ADC values compared to benign nodes, whereas others have reported conflicting outcomes [9]. 

These inconsistencies may stem from interobserver and intraobserver variability in ADC measurements [12]. 

Reliable quantification is further hindered by the typically small size of lymph nodes. Enhancing DW imaging 

performance in LN assessment thus requires methodological refinement. 

Whole-tumor volumetric segmentation offers a more reproducible analytical approach than traditional region-of-

interest (ROI) selection. By applying computer-assisted segmentation techniques based on objective imaging 

characteristics, more consistent LN delineation can be achieved. Additionally, extracting high-dimensional 

radiomic ADC features and applying machine learning algorithms enables the development of predictive models 

that can assist in lymphadenectomy planning and localize potential metastatic nodes. 

The present study aimed to evaluate the added diagnostic benefit of integrating computer-aided segmentation and 

machine learning using clinical and diffusion-weighted MR imaging radiomic parameters to predict nodal 

metastasis in patients with endometrial cancer. 

Materials and Methods  

Patients and imaging protocol 

This prospective observational study included patients diagnosed with endometrial cancer between July 2010 and 

July 2018 at a tertiary referral hospital, managed by a multidisciplinary team specializing in gynecologic 

oncology. Ethical approval was obtained from the institutional review board (approval numbers: IRB101-2187B 

and IRB103-7316A3), and all participants provided written informed consent. 

Eligibility criteria included: (1) histopathologically confirmed, untreated EC scheduled for surgery, and (2) age 

of 18 years or older. Patients were excluded if they had (1) contraindications to MR imaging (such as cardiac 

pacemakers, insulin pumps, cochlear implants, or metallic foreign bodies), (2) metal prostheses in the pelvis or 

hip, (3) renal impairment with an estimated glomerular filtration rate below 60 mL/min/1.73 m², or (4) inability 

to give informed consent. 

A schematic of the patient selection process is illustrated in Figure 1. All imaging studies were performed prior 

to surgery using a 3.0-Tesla MR scanner (Tim Trio; Siemens, Erlangen, Germany). 
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Figure 1. Flowchart of study population. TP = true positive, TN = true negative, FP = false positive, FN = 

false negative. 

Image processing and feature extraction 

Image data were analyzed using proprietary software built in MATLAB (version 8.3 R2014a; MathWorks, Natick, 

MA, USA). The primary tumors were manually outlined on diffusion-weighted sequences to define the regions 

of interest (ROIs). For lymph nodes (LNs), the largest visible nodes in each region were isolated using an 

automated segmentation algorithm developed in-house (Figure 2). 

To reduce intersubject variation in apparent diffusion coefficient (ADC) measurements, all values were 

normalized, producing normalized ADC (nADC) metrics. Four principal ADC feature groups were generated: (1) 

tumor ADC (ADCt), (2) LN ADC (ADCln), (3) the absolute difference in ADC between the tumor and its 

corresponding LN (rADC), and (4) the absolute difference between the tumor’s mean ADC and the histogram-

derived ADC values of the LN (rmADC). 

Each feature group included twelve histogram-based descriptors—mean, minimum, and maximum ADC; the 

10th, 25th, 50th, 75th, and 90th percentile values; skewness; kurtosis; standard deviation; and variance—resulting 

in 48 features in total. These were further adjusted using the bladder ADC for internal normalization, yielding a 

total of 96 ADC-associated indices. 

Beyond diffusion metrics, six anatomic parameters derived from MRI were evaluated, including tumor volume 

and five LN morphology measures (area, long-axis length, short-axis length, average diameter, and the short-to-

long axis ratio). 

Preoperative clinical characteristics were also incorporated, comprising seven routinely available factors: 

histological type [6, 13, 14]; tumor grade [13–21]; tumor dimension [18, 20, 22]; presence of a lesion in the lower 
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uterine segment [13, 22]; depth of myometrial invasion [6, 13, 14, 16, 18–22]; radiologic LN status from MRI 

interpretation [6]; and serum CA-125 concentration [6, 13, 15–17]. 

Combining all clinical, anatomical, and diffusion-derived parameters produced a comprehensive dataset of 109 

input variables used for subsequent machine learning model development. 

 

 

b) 

 

a) c) 

Figure 2. Automated segmentation of lymph nodes (LNs) was conducted using a computer-assisted approach 

applied to diffusion-weighted (DW) imaging. 

(a) A customized graphical user interface employing a region-growing algorithm enabled LN delineation. 

Apparent diffusion coefficient (ADC) values obtained from the segmented node were used for histogram-

based assessment. The software automatically calculated the LN’s short and long axes. 

(b) The algorithm accurately identified LN boundaries on the DW image. 

(c) An ADC map was generated based on the segmentation results shown in (B). 

Histopathology 

Final histopathological results served as the reference standard for nodal status confirmation. All patients 

underwent standardized surgical procedures. Surgeons, having prior access to MR imaging findings, carefully 

evaluated and excised any lymph nodes suspected of metastasis during pelvic lymphadenectomy.  

Statistical analysis 

Descriptive statistics were applied to summarize demographic and clinical characteristics. Continuous variables 

following a normal distribution were analyzed using the t-test, while non-parametric data were compared using 

the Mann–Whitney U test. Categorical variables were examined using the Chi-square or Fisher’s exact test, as 

appropriate. 

A weighted decision-tree classifier based on the classification-and-regression-tree (CART) method was employed 

to construct the predictive model for lymph node (LN) metastasis. The dataset comprising 236 patients was 

randomly divided into a training group (n = 165; 16 LN-positive, 149 LN-negative) and a testing group (n = 71; 

7 LN-positive, 64 LN-negative). 

Feature selection and cutoff determination were performed using a region-based decision-tree algorithm that 

initially incorporated all MR-derived variables to develop a preliminary Radiomic Score (RadScore). The rpart 

package in R [23] was used to fit the model with parameters set at cp = 0.01, minsplit = 5, and maxdepth = 4. Ten-

fold cross-validation, repeated ten times, was conducted to identify the optimal configuration. The binary 

RadScore provided case classification according to the decision-tree rules and was subsequently combined with 

clinical parameters to establish an integrated predictive model, termed the Radiomic Signature (RadSignature). 

The model was optimized to achieve high sensitivity and negative predictive value (NPV) while maintaining 

comparable specificity to conventional diagnostic criteria. Model performance was evaluated internally during 

training and then tested on the independent validation dataset. Diagnostic quality indicators—including 

sensitivity, specificity, and accuracy—were calculated with 95% confidence intervals (CIs) for both the decision-
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tree model and the two single-parameter reference models: the ADC-based model (ADC model) and the short-

axis-diameter model (SA model). 

Thresholds for ADC and SA were selected using the Youden index. Comparative diagnostic performance was 

evaluated through receiver-operating-characteristic (ROC) analysis, and the areas under the curve (AUCs) were 

compared via the De Long test. All analyses were two-tailed, with p < 0.05 considered statistically significant. 

Statistical processing was carried out using SPSS version 11 (SPSS Inc., Chicago, IL, USA), MedCalc version 

9.2.0.0 (MedCalc Software, Mariakerke, Belgium), and R version 3.4.1 (R Foundation for Statistical Computing, 

Vienna, Austria). 

Results and Discussion 

Demographics 

Between July 2010 and July 2018, a total of 300 patients with endometrial cancer were prospectively enrolled. 

After applying inclusion and exclusion criteria, 236 patients remained eligible for final analysis. The mean ± 

standard deviation age was 51.2 ± 11.6 years. 

A summary of clinical and demographic data is presented in Table 1. The mean interval between MR examination 

and surgical intervention was 27 ± 4 days.  

 

Table 1. Demographics of the study participants. 

Variables 
RadScore 

p-Value 
All Negative Positive 

n 236 (100.0) 213 (90.3) 23 (9.7)  

Age (year, mean ± SD) 51.2 ± 11.6 50.6 ± 11.8 56.2 ± 7.7 0.004 * 

Histology    <0.0001 * 

Non-endometrioid type 17 (7.2) 9 (3.8) 8 (3.4)  

Endometrioid type 219 (92.8) 204 (86.5) 15 (6.3)  

Grade    <0.0001 * 

3 44 (18.6) 30 (12.7) 14 (5.9)  

1 + 2 192 (81.4) 183 (77.6) 9 (3.8)  

Tumor size ≥ 20 mm    0.009 * 

Presence 140 (59.3) 120 (50.8) 20 (8.5)  

Absence 96 (40.7) 93 (39.5) 3 (1.2)  

Deep myometrial invasion    <0.0001 * 

Presence 55 (23.3) 39 (16.6) 16 (6.7)  

Absence 181 (76.7) 174 (73.7) 7 (3.0)  

Low segment involvement    0.002 * 

Presence 138 (58.5) 117 (49.6) 21 (8.9)  

Absence 98 (41.5) 96 (40.7) 2 (0.8)  

CA125 (mean ± SD, U/mL) 52.4 ± 202.4 33.2 ± 43.9 230.7 ± 618.2 0.140 

SD = standard deviation. * p < 0.05, Data in parenthesis represents percentage. 

Data distribution 

Across the cohort, an average of 27 lymph nodes per patient was retrieved from the pelvic sidewalls (range: 0–

83), totaling 5,078 nodes. Among the 472 distinct nodal regions analyzed, 33 nodes (7.0%) were confirmed 

positive for metastasis, and 23 patients (9.7%) exhibited pelvic LN involvement according to final pathology. This 

proportion provided a balanced dataset suitable for machine learning model development. 

Patients with nodal metastases differed significantly from those without in several clinical and pathological 

features (Table 1). Specifically, metastatic cases were older (p = 0.004), more frequently displayed non-

endometrioid histology (p < 0.001), higher tumor grade (grade 3; p < 0.001), larger tumor dimensions (p = 0.009), 

deep myometrial invasion (p < 0.0001), and involvement of the lower uterine segment (p = 0.002). Stepwise 
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multivariate regression identified non-endometrioid histology and deep myometrial invasion as independent 

predictors of nodal metastasis. 

Morphometric assessment of the lymph nodes revealed that metastatic nodes had significantly greater short-axis 

diameters (p < 0.0001) and higher short-to-long axis ratios (p < 0.0001) compared with benign nodes. Tumor 

diffusion metrics also differed: ADCmean (p < 0.0001) and ADCmin (p = 0.003) were significantly lower in 

tumors associated with positive nodes, whereas ADCmax showed no significant distinction (p = 0.316). ADC 

values within metastatic lymph nodes were reduced relative to benign nodes (ADCmean, p = 0.049; ADCmin, p 

= 0.017). Correlation analysis demonstrated strong interdependence among ADC features. None of the analyzed 

nodes displayed morphological signs such as lobulation or spiculation that could independently indicate 

metastasis. 

Model construction and subgroup analysis 

Using decision-tree methodology, a Radiomic Score (RadScore) was derived from quantitative imaging 

parameters. This score incorporated: mean tumor ADC (ADCtmean; threshold 1.1 × 10⁻³ mm²/s), skewness of 

relative tumor ADC (rADCskewness; threshold 1.2), short-axis diameter of the lymph node (threshold 1.7 mm), 

and skewness of LN ADC (ADClnskewness; threshold 7.2 × 10⁻²) (Figure 3a). The distribution of patients 

according to RadScore-defined risk levels is detailed in Table 2. 

To enhance predictive performance, a composite Radiomic Signature (RadSignature) was created by combining 

the RadScore with key clinical factors: tumor grade (grades 1–2 versus grade 3) and tumor size (threshold 20 

mm). This integrative model aimed to provide more accurate stratification of patients at risk for lymph node 

metastasis (Figure 3b). 

  

a) b) 

Figure 3. The development of RadSignature to predict lymph node metastasis in endometrial cancer patients. 

The RadScore was developed based on image only radiomics classification and regression tree analysis (a) 

The RadSignature was determined by combination of RadScore and clinical parameters (b) The rpart package 

in R was used, and 10-fold cross-validation process repeated 10 times to select the best fitting. 

Table 2. Characteristics of patients according to the risk group based on radiomics parameters (RadScore). 

Variables 
Lymph Node Metastasis 

p-Value 
All Absent Present 

n 236 (100.0) 151 (64.0) 85 (36.0)  

Age (year, mean ± SD) 51.2 ± 11.6 49.8 ± 11.8 53.6 ± 10.8 0.017 * 

Histology    0.005 * 

Non-endometrioid type 17 (7.2) 5 (2.1) 12 (5.1)  
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Endometrioid type 219 (92.8) 146 (61.9) 73 (30.9)  

Grade    0.049 * 

3 44 (18.6) 22 (9.3) 22 (9.3)  

1 + 2 192 (81.4) 129 (54.7) 63 (26.7)  

Tumor size ≥ 20 mm    0.002 * 

Presence 140 (59.3) 78 (33.1) 62 (26.2)  

Absence 96 (40.7) 73 (30.9) 23 (9.8)  

Deep myometrial invasion    <0.0001 * 

Presence 55 (23.3) 20 (8.5) 35 (14.8)  

Absence 181 (76.7) 131 (55.5) 50 (21.2)  

Low segment involvement    0.015 * 

Presence 138 (58.5) 79 (33.5) 59 (25.0)  

Absence 98 (41.5) 72 (30.5) 26 (11.0)  

CA125 (mean ± SD, U/mL) 52.4 ± 202.4 32.4 ± 36.3 87.9 ± 332.0 0.129 

SD = standard deviation. * p < 0.05, Data in parenthesis represents percentage. 

Model performance and diagnostic evaluation 

Using bootstrap validation on the training cohort, the RadSignature demonstrated high diagnostic reliability for 

regional lymph node assessment. It achieved a sensitivity of 95.5% (95% CI: 87.9–100%), specificity of 86.9% 

(82.8–90.9%), overall accuracy of 87.8% (84.2–91.2%), positive predictive value of 45.1% (38.3–53.4%), and a 

negative predictive value of 99.4% (98.4–100%). 

For context, the ADC-based model used only the mean ADC of the lymph nodes (ADClnmean < 1.1 × 10⁻³ 

mm²/s), while the SA model relied on a short-axis LN diameter threshold exceeding 5 mm. 

Analysis of the models’ performance in detecting pelvic LN metastasis is summarized in Table 3. At the regional 

level, the RadSignature identified all metastatic nodes (sensitivity 100%), significantly outperforming the ADC 

model (44%, p = 0.0001) and the SA model (76%, p = 0.0313). Specificity for RadSignature (91%) was also 

superior to both the ADC (75%, p < 0.0001) and SA models (61%, p < 0.0001) in the independent testing set. 

When considering individual patients, the RadSignature again achieved complete sensitivity (100%), which was 

significantly higher than the ADC model (59%, p = 0.0156) and numerically higher than the SA model (88%, p = 

0.5), though the latter did not reach statistical significance. Its patient-level specificity was 90%, exceeding both 

the ADC (67%, p = 0.0001) and SA models (41%, p < 0.0001). 

Finally, ROC curve analysis confirmed that the RadSignature consistently outperformed both the ADC-only and 

SA-based models in discriminating metastatic from non-metastatic nodes at both regional and patient levels. 

Table 3. Diagnostic accuracy for detecting pelvic lymph node metastasis based on selected magnetic resonance 

(MR) imaging features. 

Variables 
Lymph Node Metastasis 

p-Value 
All Absent Present 

n 236 (100.0) 151 (64.0) 85 (36.0)  

Age (year, mean ± SD) 51.2 ± 11.6 49.8 ± 11.8 53.6 ± 10.8 0.017 * 

Histology    0.005 * 

Non-endometrioid type 17 (7.2) 5 (2.1) 12 (5.1)  

Endometrioid type 219 (92.8) 146 (61.9) 73 (30.9)  

Grade    0.049 * 

3 44 (18.6) 22 (9.3) 22 (9.3)  

1 + 2 192 (81.4) 129 (54.7) 63 (26.7)  

Tumor size ≥ 20 mm    0.002 * 

Presence 140 (59.3) 78 (33.1) 62 (26.2)  

Absence 96 (40.7) 73 (30.9) 23 (9.8)  

Deep myometrial invasion    <0.0001 * 
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Presence 55 (23.3) 20 (8.5) 35 (14.8)  

Absence 181 (76.7) 131 (55.5) 50 (21.2)  

Low segment involvement    0.015 * 

Presence 138 (58.5) 79 (33.5) 59 (25.0)  

Absence 98 (41.5) 72 (30.5) 26 (11.0)  

CA125 (mean ± SD, U/mL) 52.4 ± 202.4 32.4 ± 36.3 87.9 ± 332.0 0.129 

SD = standard deviation. * p < 0.05, Data in parenthesis represents percentage. 

ROC analysis and insights from false-negative cases 

Comparisons of ROC curves for the detection of pelvic lymph node metastasis are presented in Table 4. 

Remarkably, the RadSignature misclassified only two lymph nodes, both of which contained extremely small 

metastatic deposits, measuring 0.8 mm and 3.3 mm, highlighting the challenge of detecting microscopic disease. 

  

a) b) 

Figure 4. Case Examples of RadSignature False Negatives 

Case 1: A 40-year-old woman diagnosed with grade 2 endometrioid adenocarcinoma with squamous 

differentiation, involving both the low uterine segment and cervical stroma, staged T2N1mi. The primary tumor 

measured 6.5 cm, and serum CA-125 was 37.3 U/mL. According to the RadSignature criteria, this lymph node 

was classified as negative based on tumor ADCtmean = 0.928 × 10⁻³ mm²/s, rADCskewness = 0.051, LN short-

axis = 1.506 mm, and ADClnskewness = 0.413 × 10⁻². Histopathology revealed a microscopic metastatic focus 

of 0.8 mm, which was only detectable on hematoxylin and eosin (H&E) staining. 

Case 2: A 6-year-old patient with grade 2 endometrioid adenocarcinoma, with neither low segment nor cervical 

stromal involvement, staged T1bN1a. Tumor size was 1 cm, and CA-125 measured 24.3 U/mL. The lymph node 

in this case was deemed negative by RadSignature (tumor ADCtmean = 0.779 × 10⁻³ mm²/s, rADCskewness = 

2.3263, LN short-axis = 3.364 mm, ADClnskewness = 2.178 × 10⁻²). H&E staining identified a metastatic 

deposit measuring 3.3 mm. 

These examples underscore that while the RadSignature demonstrates high overall sensitivity, it may fail to 

identify nodes containing very small tumor nests, emphasizing the intrinsic limitation of radiomic detection for 

sub-millimeter metastases. 

Table 4. Pairwise comparisons of ROC curves in detecting pelvic lymph node metastasis. 

Variables AUC Value (95% CI) p Value 

Region basis   

RadSignature 0.89 (0.86–0.92)  

ADC 0.56 (0.52–0.61)  

SA 0.69 (0.64–0.73)  

RadSignature vs. ADC  <0.0001 † 

RadSignature vs. SA  <0.0001 † 

ADC vs. SA  0.0406 

Patient basis   

RadSignature 0.85 (0.80–0.90)  

ADC 0.54 (0.47–0.60)  
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SA 0.62 (0.56–0.69)  

RadSignature vs. ADC  <0.0001 † 

RadSignature vs. SA  <0.0001 † 

ADC vs. SA  0.1742 

Data in parentheses are 95% confidence intervals. ROC = receiver operating characteristic, SA = short axis, ADC = mean apparent diffusion 

coefficient value of the lymph node. † The differences were significant according to Bonferroni correction for multiple comparisons. 

Subgroup analysis based on risk categories 

Over-diagnosis of lymph node metastasis can lead to unnecessary surgical interventions, especially among 

patients classified as low-risk. To explore potential over- or under-estimation of nodal involvement, a post-hoc 

subgroup analysis was performed using criteria from the European Society of Gynaecological Oncology and the 

European Society for Medical Oncology (ESGO–ESMO) guidelines [24]. Patients were stratified into low-, 

intermediate-, and high-risk groups according to tumor stage, grade, and histologic type. 

Across all subgroups, the RadSignature consistently showed superior performance compared with the ADC-only 

and short-axis (SA) models. Remarkably, at the patient level, the RadSignature maintained a sensitivity of 100% 

for detecting lymph node metastasis in each risk category. In the low-risk group, its specificity was significantly 

greater than that of both the ADC model (p = 0.0005) and the SA model (p < 0.0001), indicating a reduced 

likelihood of unnecessary lymph node dissections. Among intermediate- and high-risk patients, the RadSignature 

also demonstrated higher specificity than the SA model, reaching 86%, with statistical significance (p = 0.0078 

and p = 0.0313, respectively). These findings suggest that the integrated radiomic and clinical model can enhance 

diagnostic precision and help tailor the extent of lymphadenectomy according to individual risk profiles. 

Table 5. Subgroup analysis of diagnostic accuracy of MR imaging for detecting pelvic lymph node metastasis. 

Parameters n TP TN FP FN Sensitivity Specificity Accuracy 

Low risk         

RadSignature 165 4 135 25 1 
80.0% (28.4–

99.5%) 

84.4% (77.8–

89.6%) 

84.2% (77.8–

89.4%) 

RadScore 165 4 116 44 1 
80.0% (28.4–

99.5%) 

72.5% (64.9–

79.3%) 

72.7% (65.3–

79.4%) 

ADC 165 5 26 134 0 
100.0% (47.8–

100.0%) 

16.3% (10.9–

22.9%) * 

18.8% (13.1–

25.6%) * 

SA 165 1 86 74 4 
20.0% (0.5–71.6%) 

* 

53.8% (45.7–

61.7%) * 

52.7% (44.8–

60.5%) * 

Intermediate risk         

RadSignature 36 3 20 12 1 
75.0% (19.4–

99.4%) 

62.5% (43.7–

78.9%) 

63.9% (46.2–

79.2%) 

RadScore 36 3 19 13 1 
75.0% (19.4–

99.4%) 

59.4% (40.6–

76.3%) 

61.1% (43.5–

76.9%) 

ADC 36 4 4 28 0 
100.0% (39.8–

100.0%) 

12.5% (3.5–

29.0%) * 

22.2% (10.1–

39.2%) * 

SA 36 2 14 18 2 50.0% (6.8–93.2%) 
43.8% (26.4–

62.3%) * 

44.4% (27.9–

61.9%) * 

High risk         

RadSignature 35 14 14 7 0 
100.0% (76.8–

100.0%) 

66.7% (43.0–

85.4%) 

80.0% (63.1–

91.6%) 

RadScore 35 14 14 7 0 
100.0% (76.8–

100.0%) 

66.7% (43.0–

85.4%) 

80.0% (63.1–

91.6%) 

ADC 35 12 4 17 2 
85.7% (57.2–

98.2%) 

19.0% (5.4–

41.9%) * 

45.7% (28.8–

63.4%) * 

SA 35 14 8 13 0 
100.0% (76.8–

100.0%) 

38.1% (18.1–

61.6%) * 

62.9% (44.9–

78.5%) * 

Data in parentheses are 95% confidence intervals. TP = true positive, TN = true negative, FP = false positive, FN = false negative, PPV = 

positive predictive value, NPV = negative predictive value, SA = short axis, ADC = mean apparent diffusion coefficient value of the lymph 

node. * p < 0.05 McNemar test, as compared with the RadSignature model. 
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In this study, we developed a composite prediction model, the RadSignature, by integrating comprehensive 

preoperative clinical data with MR imaging parameters. The decision-tree approach was selected for its 

interpretability, allowing straightforward visualization of binary splits while maintaining a balance between model 

accuracy and simplicity. Notably, the RadSignature demonstrated a high negative predictive value (98%), 

suggesting that a subset of low-risk endometrial cancer (EC) patients could potentially avoid lymphadenectomy 

without compromising diagnostic safety. For those undergoing surgery, the model may assist in planning by 

indicating the probable laterality of lymph node metastases with reasonable accuracy. To our knowledge, this 

represents the first preoperative model to predict LN metastasis in EC by combining an extensive set of clinical 

and radiomic features. 

Although the decision tree did not directly incorporate them, we observed that metastatic lymph nodes had 

significantly lower ADCmean and ADCmin compared with benign nodes, consistent with prior reports [10]. 

Other studies have highlighted the utility of ADC metrics, including ADCmin, ADCmax, ADCmean, ADCSD, 

and relative ADC, in distinguishing metastatic from non-metastatic nodes [25]. However, conflicting evidence 

exists, with some investigations reporting no significant differences in mean ADC values at either 1.5 T or 3 T 

[8,9]. These discrepancies may reflect variability in manual measurement, which can be mitigated through the 

computer-aided segmentation employed in our study. 

The short-axis diameter of lymph nodes remains a strong predictor of metastasis [10, 26], and it was retained 

in our decision-tree model. Some prior studies have reported size differences only in pathology specimens rather 

than on T2-weighted MR images [9], illustrating the potential limitations of conventional imaging. Our use of 

computer-assisted segmentation addresses this challenge, reducing bias from small region-of-interest selection. 

Furthermore, combining nodal size with relative ADC values has previously been shown to increase sensitivity 

for detecting nodal metastasis (25% vs. 83%) without compromising specificity (98% vs. 99%), with the smallest 

detectable metastatic node measuring 5 mm along its short axis [11]. 

Consistent with prior literature, grade I tumors smaller than 20 mm were highly unlikely to harbor nodal 

metastases, supporting the use of MR imaging and histologic assessment for identifying low-risk patients who 

may safely forgo lymphadenectomy [6, 15, 17, 27]. Widely applied criteria, such as the Mayo-modified 

guidelines—which incorporate differentiation, depth of invasion, and tumor size—further underscore the central 

role of histologic grade and tumor size in preoperative LN risk assessment [28]. 

Despite its promise, our model has several limitations. First, the relatively small sample size compared with the 

number of extracted features may pose a risk of overfitting, though cross-validation and testing on an independent 

cohort mitigate this concern. Second, the radiomic analysis was limited to histogram-derived ADC features; 

higher-order texture analyses were not feasible due to the small pixel counts in most lymph nodes (<100 pixels). 

Third, certain imaging characteristics, such as LN margins, were not incorporated, despite lobulated or spiculated 

margins being indicative of metastasis. Incorporating these features could further improve model performance. 

Finally, our study performed region-based analyses without precise node-to-node radiologic-pathologic 

correlation. Nevertheless, the computer-assisted segmentation approach effectively reduces measurement bias, 

and the decision-tree framework provides a transparent, interpretable model that balances accuracy and simplicity. 

Conclusion 

In summary, combining computer-assisted segmentation with machine learning and diffusion-weighted MR 

radiomics enhances the prediction of lymph node metastasis in endometrial cancer, outperforming conventional 

ADC and size-based criteria. High-throughput radiomic ADC features, integrated with clinical data, offer a 

promising tool for preoperative risk stratification and may guide the surgical approach by identifying regions at 

high risk for nodal involvement. 
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