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MRI has relatively low sensitivity and specificity in detecting lymph node metastases. This study aimed 
to develop and validate an MRI radiomics-based model for predicting lateral pelvic lymph node (LPLN) 
metastasis in rectal cancer patients who underwent LPLN dissection, and to compare its performance 
with that of radiologists. This multicenter retrospective study included 336 rectal cancer patients (199 
men; mean age, 58.9 years ± 11.1 [standard deviation]) who underwent LPLN dissection. Patients 
were divided into development (n = 190) and validation (n = 146) cohorts. Radiomics features were 
extracted from MR images, and the Least Absolute Shrinkage and Selection Operator regression was 
used to construct radiomics and clinical-radiomics models. Model performance was compared with 
radiologists using receiver operating characteristic (ROC) analysis. Malignant LPLN was diagnosed 
in 32.4% of the development cohort (65/190) and 32.9% of the validation cohort (48/146) (P = 0.798). 
Seven radiomics features and two clinical features were selected. The radiomics and clinical-radiomics 
models demonstrated area under the curves (AUCs) of 0.819 and 0.830 in the development cohort and 
0.821 and 0.829 in the validation cohort, respectively. The optimal cut-off (− 0.47) yielded sensitivities 
of 72.3% and 45.8% and specificities of 82.4% and 87.8% in the development and validation cohorts, 
respectively. Decision curve analysis indicated no additional net benefit from the clinical-radiomics 
model compared to the radiomics-only model. Radiologists’ AUCs were significantly lower than that 
of the radiomics model (0.842) and improved with radiomics probability scores (0.734 vs. 0.801; 0.668 
vs. 0.791). The MRI-based radiomics model significantly improves the prediction of LPLN metastasis in 
rectal cancer, outperforming conventional criteria used by radiologists.

Trial registration: Retrospectively registered.
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Abbreviations
AUC	� Area under the curve
CRT	� Chemoradiotherapy
LN	� Lymph node
LPLN	� Lateral pelvic lymph node
LPLND	� Lateral pelvic lymph node dissection
nCRT	� Neoadjuvant chemoradiotherapy
ROI	� Region of interest
ROC	� Receiver operating characteristic
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TME	� Total mesorectal excision

Rectal cancer ranks as the 8th most common cancer globally, posing significant health challenges1. The adoption 
of total mesorectal excision (TME) since the late 1980s has significantly reduced local recurrence rates2–4. 
However, TME does not address metastasis to lateral pelvic lymph nodes (LPLNs), common in low and mid 
rectal cancer. LPLN metastasis occurs in approximately 10–25% of locally advanced rectal cancer patients and is 
a critical source of locoregional recurrence due to their location on the pelvic wall5–8.

The management of LPLN metastasis in rectal cancer varies significantly between Eastern and Western 
countries9. In Eastern countries, particularly Japan, LPLN metastasis is treated as a locoregional spread, with the 
standard approach being TME combined with prophylactic LPLN dissection (LPLND) to reduce locoregional 
recurrence rates10. Conversely, in Western countries, LPLN metastasis is considered advanced disease, treated 
with neoadjuvant chemoradiotherapy (nCRT) followed by TME alone11,12. The technical challenges of LPLND 
and increased risk of postoperative complications contribute to this difference13. However, recent studies suggest 
that nCRT with TME alone is insufficient to prevent lateral local recurrence in patients with enlarged LPLNs14. 
Accurate preoperative prediction of LPLN metastasis is crucial to identify candidates who may benefit from 
LPLND.

Imaging modalities play a crucial role in the preoperative evaluation of LPLN metastasis. Among these, MRI 
is the primary tool for assessing primary tumors and perirectal lymph nodes, including LPLNs15,16. However, 
MRI has relatively low sensitivity and specificity in detecting LN metastases. Traditional MRI criteria, such 
as short-axis diameter and morphological features, have proven inadequate for reliable LPLN assessment17,18, 
especially in patients treated with nCRT19.

Radiomics, which involves extracting high-dimensional quantitative features from medical images, has 
emerged as a promising tool to address these limitations20. Radiomics has shown potential in enhancing the 
understanding of tumor behavior and improving patient management. This approach aligns with personalized 
medicine principles and has gained significant attention in radiology21,22. While numerous studies have applied 
radiomics to evaluate rectal cancer, focusing on primary tumors and perirectal lymph nodes23,24, the application 
of MRI radiomics to predict LPLN metastasis remains underexplored.

This study aims to develop and validate an MRI radiomics-based prediction model for LPLN metastasis in 
rectal cancer patients who have undergone LPLND. Additionally, we aim to compare the performance of this 
radiomics model with that of radiologists using conventional size- and morphology-based criteria.

Materials and methods
This multicenter study was approved by the Institutional Review Board of three centers. The requirement for 
informed consent was waived due to the retrospective study design. All methods were performed in accordance 
with the relevant guidelines and regulations.

Patients
A search of the surgical database of three institutions revealed 491 patients who underwent rectal cancer surgery, 
including LPLND, between 2007 and 2020 (Fig. 1). Inclusion criteria were: (1) patients who underwent surgery 
including LPLND for rectal cancer with or without nCRT; (2) patients with post-nCRT, preoperative rectal MRI, 
if they had nCRT; (3) patients with preoperative rectal MRI, if they did not undergo nCRT; and (4) patients 
with pathologically proven adenocarcinoma. According to the inclusion criteria, 460 patients were eligible for 
enrollment. Exclusion criteria were: (1) > 2 month-interval between surgery and preoperative MRI (n = 93); (2) 
no available axial or oblique axial, coronal, and sagittal T2-weighted images (n = 17); and (3) poor image quality 
(n = 14). Finally, 336 patients constituted the study population. Among them, 190 patients from institutions 1 
and 2 were allocated to the development cohort (DC), and 146 patients from institution 3 were allocated to the 
validation cohort (VC). Clinical and pathological information were obtained from electronic medical records.

Neoadjuvant chemoradiation therapy
Neoadjuvant therapy was performed in 266 patients (65/108 patients [60.2%] in institution 1, 58/82 in 
institution 2 [70.7%], and 143/146 patients in institution 3 [97.9%]). Detailed nCRT regimens are provided in 
Supplementary Material.

MR image acquisition
Post-nCRT, preoperative rectal MRI in 266 patients (123 patients in DC and 143 patients in VC) who underwent 
nCRT and preoperative MRI in 70 patients (67 in DC and 3 in VC) who underwent upfront surgery were used 
for analyses. All MRI examinations were performed with 1.5T or 3T MR scanners (Supplementary Table E1) 
and a 16-channel torso coil according to standard rectal MRI acquisition protocols. Rectal MRI included T2-
weighted fast spin-echo sequences (Supplementary Table E2) in the sagittal, oblique axial, and oblique coronal 
planes, axial T1-weighted spin-echo sequences, diffusion-weighted images, and apparent diffusion coefficient 
maps. All T2-weighted images were saved as Digital Imaging and Communications in Medicine files.

MR image preprocessing and harmonization
Image preprocessing was performed to compare features from different MRI datasets. Steps included image 
interpolation, bias field correction, image normalization, and discretization. To produce MRI data with isotropic 
voxels (1.0 × 1.0 × 1.0 mm3, a trilinear interpolation which uses the intensities of the eight nearby voxels in the 
original grid to calculate a new intensity was performed in 3-dimensional calculations25 N4 bias field correction 
algorithm was applied to correct inhomogeneity of images, using the Nipype (Neuroimaging in Python: Pipelines 
and Interfaces) Python package (version 1.1.7; http://nipy.org/nipype)26. MR signal intensity normalization was 
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performed using PyRadiomics according to IBSI guidelines (https://ibsi.readthedocs.io/en/latest/index.html). 
Relative discretization using a fixed bin number of 128 was performed to reduce image noise. After radiomics 
feature extraction, harmonization was performed to reduce “center effect” noise due to technical differences in 
the images between centers using the R package neuroCombat ​(​​​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​m​/​J​f​o​r​t​i​n​1​/​n​e​u​r​o​C​o​m​b​a​t​_​R​p​a​
c​k​a​g​e​​​​​) (Supplementary Material).

Semi-automated segmentation of LPLNs
After uploading T2-weighted MRI to commercially available segmentation and radiomics analysis software 
(MEDIP pro version 2.3.1, MEDICAL IP Co. Ltd., Seoul, Korea), semi-automated segmentation of LPLNs was 
conducted by a board-certified radiologist (J.Y with 9 years’ experience in rectal MRI). All segmentation masks 
were confirmed by a senior radiologist (S.H.K with 24 years’ experience). Both radiologists were blinded to 
clinicopathologic data. In patients with pathologically confirmed LPLN metastasis, the reported metastatic 
LN was matched with an LPLN on MRI using location and size from the pathologic report. In patients with 
no metastatic LN reported on surgical pathology, an LPLN showing the highest malignancy was selected. The 
imaging criteria suggesting metastatic LPLN were (1) short-axis diameter > 5  mm, (2) heterogeneous signal 
intensity, and (3) ill-defined or spiculated margin27 When the radiologist placed a digital brush tool on the 
selected LN, an interactively controlled, growing color-overlay region of interest (ROI) was automatically 
displayed. Approximately 1 min per patient was needed for segmentation (Fig. 2).

Radiomics feature extraction, selection, and model construction
A total of 107 radiomics features were extracted from each ROI using the same software, according to PyRadiomics 
documentation (https://pyradiomics.readthedocs.io)28 (Supplementary Material). The least absolute shrinkage 
and selection operator with nested cross-validation was used to select the optimal combination of predictive 
radiomics features for LPLN metastasis in the DC (Supplementary Material). Similarly, a clinical-radiomics 
model was constructed by combining the radiomics score and predictive clinical features. The R package 
nestedcv was used for model construction (version 4.2.1; R Foundation for Statistical Computing).

Radiologists’ review
Two board-certified radiologists (HBY and KJH, with 16 years and 10 years of experience, respectively) 
independently reviewed T2-weighted MR images for 100 patients in the VC. The radiologists were aware that 
MRI was taken initially or after completion of nCRT, but blinded to histopathologic results. They selected an 
LPLN showing the highest malignant probability and rated the possibility of malignancy of LPLN using a 
5-point confidence scale: 1, definitely benign; 2, probably benign; 3, possibly malignant; 4, probably malignant; 
5, definitely malignant. For determining the malignant probability, the aforementioned criteria for metastatic 
LPLN were used. LPLNs meeting all three criteria were given a score of 5, whereas those meeting two or one 
criteria were given scores of 4 or 3, respectively. The location of each selected node was documented. After the 

Fig. 1.  A flow chart of patient enrollment. A total of 336 patients from 3 institutions were included in this 
study. Of these, 190 patients from institutions 1 and 2 were designated into the development cohort, and 146 
patients from institution 3 were assigned to the validation cohort. LPLND lateral pelvic lymph node dissection, 
nCRT neoadjuvant chemoradiotherapy.
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first interpretation session, a second interpretation session was held for each radiologist with knowledge of the 
radiomics score with at least a 2-week interval to minimize recall bias.

Statistical analyses
Patient characteristics were compared between two cohorts using the Chi-square or Fisher’s exact test for 
categorical variables and Mann-Whitney tests or t-tests for continuous variables. The diagnostic performance 
of each prediction model was assessed internally using 5-fold cross-validation. Discrimination was assessed 
by calculating the area under the curve (AUC) of the receiver operating characteristics (ROC) curve. ROC 
curve analysis was performed to compare performances between models and between models and radiologists. 
Additionally, comparative ROC analysis was done between radiologists without and with knowledge of the 
radiomics probability score. Calibration was assessed using a calibration plot. Decision curve analysis was 
conducted to evaluate the clinical utility of each predictive model by comparing the net benefits across a series of 
threshold probabilities. All statistical analyses were performed using R (version 4.2.1) and SAS software (version 
9.4; SAS Institute).

Results
Demographics and clinical features
The positive rate for malignant LPLN was not significantly different between DC (34.2%, 65/190) and VC (32.9%, 
48/146) (P = 0.798) (Table  1). However, neoadjuvant chemotherapy (64.2% [122/190] vs. 97.3% [142/146], 
P < 0.001) and neoadjuvant radiotherapy (62.6% [119/190] vs. 97.3% [142/146], P < 0.001) were more frequently 
performed in VC compared to DC. Additionally, the mean number of harvested mesorectal LN was significantly 
larger in DC (21 vs. 16, P < 0.001).

In the DC, patients with metastatic LPLNs showed significantly higher initial CEA levels, lower rates of nCRT, 
higher frequency of pathologic staging T3, higher pathologic N stage, lower rates of pathologically confirmed 
complete regression, and more frequent circumferential resection margin involvement by the tumor compared 
to those without metastatic LPLNs (P < 0.05) (Table 2).

Feature extraction and model construction
Among a total of 107 radiomics features, 6 were selected for the MR radiomics model: inverse variance, 
coarseness, elongation, maximal correlation coefficient, dependence entropy, and large dependence high gray 
level emphasis. For constructing a clinical-radiomics model, sex and neoadjuvant radiotherapy from clinical 
features and complexity from radiomics features were added to the six aforementioned radiomics features. The 
following equations were calculated for predicting metastatic LPLN.

Fig. 2.  Semi-automatic segmentation for lateral pelvic lymph node (LPLN) using a radiomics platform 
(MEDIP pro Version 2.3.1, MEDICAL IP Co. Ltd., Seoul, Korea). When the radiologist placed a digital brush 
tool on the selected lymph node (LN), an interactively controlled, growing color-overlay region of interest 
(ROI) was automatically displayed. If color-overlay ROIs extended outside the LPLN, an eraser tool was used 
to edit the contour and subtract the tissue volume. In this patient, an LPLN at the right internal iliac chain 
(arrow) was segmented and overlaid with red color.
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Characteristics Development cohort (n = 190) Validation cohort (n = 146) P value

Sex 0.823

 Male 114 (60.0%) 85 (58.2%)

 Female 76 (40.0%) 61 (41.8%)

Age (years), mean ± SD (range) 58.7 ± 11.3 (31–88) 59.0 ± 10.9 (30–83) 0.739

Initial CEA (ng/mL)* 20.0 ± 61.3 (0.4–610.0) 21.5 ± 69.7 (0.8–703.7) 0.259

Initial CA 19 − 9 (U/mL)† 110.8 ± 488.1 (0.9–4490.0) 45.3 ± 275.4 (0.9–3230.0) 0.065

Neoadjuvant chemotherapy < 0.001

 Yes 122 (64.2%) 142 (97.3%)

 No 68 (35.8%) 4 (2.7%)

Neoadjuvant radiotherapy < 0.001

 Yes 119 (62.6%) 142 (97.3%)

 No 71 (37.4%) 4 (2.7%)

Type of surgery < 0.001

 LAR 90 (47.4%) 77 (52.7%)

 ULAR 54 (28.4%) 11 (7.5%)

 APR 40 (21.1%) 16 (11.0%)

 ISR 6 (3.2%) 18 (12.3%)

 Transanal TME 0 22 (15.1%)

 Others 0 2 (1.4%)‡

LPLN dissection 0.128

 Unilateral 137 (72.1%) 116 (79.5%)

 Bilateral 53 (27.9%) 30 (20.5%)

Metastatic LPLNs 0.445

 Presence 65 (34.2%) 48 (32.9%)

 Absence 125 (65.8%) 98 (67.1%)

 No. of total metastatic LPLNs 0.8 ± 2.1 (0–19) 0.6 ± 1.2 (0–7) 0.521

T staging 0.429

 Tis or no residual tumor 17 (8.9%) 10 (6.8%)

 T1 7 (3.7%) 5 (3.4%)

 T2 27 (14.2%) 31 (21.2%)

 T3 121 (63.7%) 83 (56.8%)

 T4 18 (9.5%) 17 (11.6%)

N staging 0.366

 N0 79 (41.6%) 72 (49.3%)

 N1 68 (35.8%) 46 (31.5%)

 N2 43 (22.6%) 28 (19.5%)

Histopathologic type 0.480

 Well differentiated 7 (3.7%) 11 (7.5%)

 Moderately differentiated 146 (76.8%) 116 (79.5%)

 Poorly differentiated 11 (5.8%) 5 (3.4%)

 Mucinous 9 (4.7%) 5 (3.4%)

 Signet ring cell 4 (2.1%) 2 (1.4%)

 N/A (no residual primary tumor) 13 (6.8%) 7 (4.8%)§

Pathologically confirmed complete regression 0.203

 Yes 13 (6.8%) 6 (4.1%)§

 No 177 (93.2%) 140 (95.9%)

Resection margin 0.398

 Clear 158 (83.2%) 116 (79.5%)

 Involved by tumor (< 1 mm) 32 (16.8%) 30 (20.5%)

 Circumferential margin involved 27 (14.2%) 28 (19.2%)

 Distal margin involved 4 (2.1%) 2 (1.4%)

 Both circumferential and distal margins involved 1 (0.5%) 0

Tumor regression grade (AJCC) NA NA

Continued
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Radiomics probability score = − 3.129 + (17.75 × inverse variance) − (11.79 × coarseness) + (1.349 × elongation)
− (1.249 × maximal correlation coefficient) + (0.3133 × dependence entropy)
+ (0.00002075 × large dependence high gray level emphasis)

	

Clinical − radiomics probability score = − 3.6169 + (17.57 × inverse variance) − (14.06 × coarseness) + (1.638 × elongation)
− (0.8323 × maximal correlation coefficient) + (0.4421 × sex [female]
+ (0.3008 × dependence entropy) − (0.2747 × neoadjuvant radiotherapy [yes])
+ (0.00002171 × large dependence high gray level emphasis) + (0.0000006628 × complexity)

Comparison of model performance
The radiomics model and clinical-radiomics model demonstrated AUCs of 0.819 (95% CI, 0.753–0.886) and 
0.830 (95% CI, 0.767–0.893), respectively, in DC for predicting metastatic LPLN (Table  3). Five-fold cross-
internal validation showed no significant difference in AUC values between the radiomics and clinical-radiomics 
models (0.772 [95% CI, 0.698–0.846] vs. 0.762 [95% CI, 0.686–0.837], P = 0.186). External validation using the 
VC also demonstrated no significant difference in performance between the two models (0.821 [95% CI, 0.747–
0.896] vs. 0.829 [95% CI, 0.756–0.901], P = 0.505).

The optimal cut-off radiomics score for discriminating metastatic LPLN was determined to be − 0.47 using 
the Youden index. Based on this cut-off value, a radiomics score of ≥− 0.47 predicts metastatic LPLN. Sensitivity 
was 72.3% (95% CI, 61–83%) and specificity was 82.4% (95% CI, 76–89%) in DC, while sensitivity was 45.8% 
(95% CI, 32–60%) and specificity was 87.8% (95% CI, 81-94%) in VC.

The calibration curves of the two prediction models showed similar performance in both internal (Fig. 3a) 
and external validation (Fig. 3b). In internal validation, both models showed good calibration, but tended to 
slightly underestimate the risk of metastatic LPLN in external validation. Additionally, prediction accuracy was 
not improved when clinical features were added to the radiomics model, compared to the radiomics model alone 
in both internal and external validation.

Decision curve analysis demonstrated that the clinical-radiomics model provided no additional net benefit 
compared to the radiomics model alone for predicting LPLN metastasis in both internal (Fig. 4a) and external 
validation (Fig. 4b).

Radiologists’ discriminative performance
In a subset of VC (n = 100), the rate of metastatic LPLN was 31.0% (31/100). Additionally, most patients (97%, 
97/100) received nCRT. The AUC of the radiomics model (0.842) was significantly higher than those of both 
radiologists (0.734 and 0.668, respectively) (P < 0.05) (Table 4). AUC values of both radiologists significantly 
increased when radiomics probability scores were provided (from 0.734 to 0.801 for radiologist 1, P = 0.037; 
from 0.668 to 0.791 for radiologist 2, P = 0.047) (Fig. 5). Representative cases are shown in Fig. 6.

Discussions
In this study, we demonstrate that the radiomics model, both alone and in combination with clinical features, 
significantly improves the accuracy of predicting LPLN metastasis compared to traditional size- and morphology-
based criteria used by radiologists. Our findings indicate that the radiomics model achieved good discriminative 
performance, with AUCs of 0.819 in DC and 0.821 in the external VC. The model’s sensitivity and specificity 

Characteristics Development cohort (n = 190) Validation cohort (n = 146) P value

 0 (no viable cancer cell) 16 (8.4%)

 1 (moderate response) 27 (14.2%)

 2 (minimal response) 62 (32.6%)

 3 (poor response) 18 (9.5%)

 N/A (no neoadjuvant treatment) 67 (35.3%)

Tumor regression grade (Dworak) NA NA

 0 (no response) 8 (5.5%)

 1 (minimal response) 44 (30.1%)

 2 (moderate response) 77 (52.7%)

 3 (near complete response) 11 (7.5%)

 4 (complete response, no tumor cells) 6 (4.1%)

Table 1.  Characteristics of development and validation cohorts. SD standard deviation, CEA carcinoembryonic 
antigen, CA19-9 carbohydrate antigen 19-9, LAR low anterior resection, ULAR ultra-low anterior resection, 
APR anterior perineal resection, ISR inter-sphincteric resection, TME total mesorectal excision, LPLN lateral 
pelvic lymph node, N/A not applicable, AJCC American Joint Committee on Cancer. *Data were available 
in 181 patients from the development cohort and 144 from the validation cohort. †Data were available in 
113 patients from the development cohort and 142 from the validation cohort. ‡Subtotal proctocolectomy 
was performed in two patients. §Complete regression of primary tumor and regional lymph nodes was 
pathologically confirmed in six patients, and complete regression of primary tumor with residual metastatic 
regional lymph nodes was confirmed in one patient. Significant values are in bold.
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suggest it is a robust tool for identifying metastatic LPLNs. Notably, the inclusion of clinical features (sex and 
neoadjuvant radiotherapy) did not significantly enhance the model’s performance, highlighting the substantial 
predictive power of radiomics model alone. Furthermore, the calibration curve for both models show good 
calibration performance in both internal and external validations, indicating that the predictions align closely 

Patients without metastatic LPLN (n = 125) Patients with metastatic LPLN (n = 65) P-value

Sex 0.061

 Male 81 (64.8%) 33 (50.8%)

 Female 44 (35.2%) 32 (49.2%)

Age (mean ± SD) 59.3 ± 11.9 years 57.6 ± 10.0 years 0.319

Initial CEA (mean ± SD) 10.2 ± 22.6 ng/mL 31.3 ± 85.6 ng/mL 0.007

Preoperative CEA (mean ± SD) 2.0 ± 1.6 ng/mL 2.1 ± 2.1 ng/mL 0.942

Neoadjuvant chemotherapy 0.005

 Yes 89 (71.2%) 33 (50.8%)

 No 36 (28.8%) 32 (49.2%)

Neoadjuvant radiotherapy 0.002

 Yes 88 (70.4%) 31 (47.7%)

 No 37 (29.6%) 34 (52.3%)

T staging 0.005

 Tis or no residual tumor 16 (12.8%) 1 (1.5%)

 T1 3 (2.4%) 4 (6.2%)

 T2 23 (18.4%) 4 (6.2%)

 T3 71 (56.8%) 50 (76.9%)

 T4 12 (9.6%) 6 (9.2%)

N staging < 0.001

 N0 79 (63.2%) 0

 N1 35 (28.0%) 33 (50.8%)

 N2 11 (8.8%) 32 (49.2%)

Tumor regression grade (AJCC) 0.055

 0 (no viable cancer cell) 16 (12.8%) 0

 1 (moderate response) 17 (13.6%) 9 (13.8%)

 2 (minimal response) 42 (33.6%) 19 (29.2%)

 3 (poor response) 14 (11.2%) 4 (6.2%)

 N/A (no neoadjuvant treatment) 4 (3.2%) 33 (50.8%)

Pathologically confirmed CR 0.005

 Yes 13 (10.4%) 0

 No 112 (89.6%) 65 (100.0%)

Resection margin 0.053

 Clear 114 (91.2%) 53 (81.5%)

 Involved by tumor (< 1 mm) 11 (8.8%) 12 (18.5%)

Circumferential resection margin 0.006

 Clear 113 (90.4%) 49 (75.4%)

 Involved by tumor (< 1 mm) 12 (9.6%) 16 (24.6%)

Distal resection margin 1.000

 Clear 122 (97.6%) 63 (96.9%)

 Involved by tumor (< 1 mm) 3 (2.4%) 2 (3.1%)

Histopathologic type 0.908

 Well differentiated 5 (4.0%) 2 (3.1%)

 Moderately differentiated 94 (75.2%) 52 (80.0%)

 Poorly differentiated 6 (4.8%) 5 (7.7%)

 Mucinous 5 (4.0%) 4 (6.2%)

 Signet ring cell 2 (1.6%) 2 (3.1%)

 N/A (no residual primary tumor) 13 (10.4%) 0

Table 2.  Comparison of clinical and pathologic features between patients with and without metastatic LPLNs 
in the development cohort. LPLN lateral pelvic lymph node, SD standard deviation, CEA carcinoembryonic 
antigen, AJCC American Joint Committee on Cancer, N/A not applicable, CR complete remission. Significant 
values are in bold.
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with the actual observed probabilities. The similarity in calibration performance suggests that radiomics features 
are robust predictors of LPLN metastasis and that clinical features do not drastically enhance the model’s 
predictive capability. This finding simplifies model integration into clinical workflows, reducing the need for 
extensive clinical data collection.

In our study, 7 out of 107 radiomics features were finally selected for the radiomics or clinical-radiomics 
model. Each of these radiomics features provides unique insights into the texture (inverse variance, coarseness, 
maximal correlation coefficient, and large dependence high gray level emphasis), shape (elongation), and 
structural (dependence entropy and complexity) characteristics of the LNs, enhancing the ability to distinguish 
between benign and metastatic nodes based on their imaging properties. Maximal correlation coefficient and 
large dependence high gray level emphasis measure the degree of dependency between neighboring pixels. A 
higher value could indicate a stronger correlation between neighboring pixel values, which might reflect chaotic 
structures of malignant nodes. In addition, two structural features measure the randomness and complexity 
in the spatial distribution of pixel intensities. Higher entropy and complexity suggest a more disordered and 
irregular texture, which could be characteristic of malignant LNs. These features capture subtle differences in 
tissue heterogeneity and structure that are not easily discernible through conventional imaging interpretation 
by radiologists.

Our results align with previous research indicating that MRI alone has limited sensitivity and specificity for 
determining LN metastasis and that MRI radiomics can significantly improve differentiation between benign 
and malignant LNs across various cancers, including breast, cervical, and endometrial cancer29–31.  A recent 
meta-analysis also suggested that MR radiomics can predict LN metastasis more accurately in rectal cancer 
patients and outperform radiologists’ performance32. However, no prior study focused on LPLN in rectal cancer 
MRI. Although Nakanishi et al. demonstrated the potential of radiomics for predicting LPLN metastasis using 

Fig. 3.  Calibration curves of radiomics and clinical-radiomics models in 5-fold cross internal validation (a) 
and external validation (b). In the calibration curves of prediction models, no better prediction accuracy was 
achieved when clinical features were added to the radiomics model in both internal (a) and external validation 
(b).

 

Development cohort Internal validation* External validation

AUC (95% CI) AUC (95% CI) P value AUC (95% CI) P value

Radiomics model† 0.819 (0.753–0.886) 0.772 (0.698–0.846)
0.186

0.821 (0.747–0.896)
0.505

Clinical-radiomics model‡ 0.830 (0.767–0.893) 0.762 (0.686–0.837) 0.829 (0.756–0.901)

Table 3.  Comparison of diagnostic performances between radiomics model and combined clinical-
radiomics model. AUC area under the curve, CI confidence interval. *Internal validation was performed using 
a fivefold cross validation. †Six selected radiomics features were inverse variance, coarseness, elongation, 
maximal correlation coefficient, dependence entropy, and large dependence high gray level emphasis. ‡Nine 
selected clinical-radiomics features were inverse variance, coarseness, elongation, maximal correlation 
coefficient, dependence entropy, large dependence high gray level emphasis, complexity, sex, and neoadjuvant 
radiotherapy.
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contrast-enhanced CT33, our study is the first to apply radiomics to MRI for predicting LPLN metastasis in rectal 
cancer, expanding the potential applications of radiomics in oncologic imaging.

This study focused on comparing radiologists’ performance to the radiomics model in predicting LPLN 
metastasis. In a VC subset (n = 100), the radiomics model showed a superior AUC of 0.842, outperforming 
radiologists’ AUCs of 0.734 and 0.668. This suggests that the radiomics model has a higher discriminative ability 
to identify metastatic LPLNs compared to traditional methods used by radiologists. Because most (97/100, 97%) 
patients in this subset of the VC received nCRT, determining metastatic LN might be more challenging for human 
readers compared to naïve patients. Conversely, the radiomics model’s ability to analyze high-dimensional data 
and extract subtle MRI features provides a more comprehensive assessment than human interpretation alone. 
When radiologists used radiomics probability scores as a second opinion, their AUCs improved significantly. 
This demonstrates radiomics’ potential to enhance radiological assessments and improve LPLN metastasis 
prediction.

The integration of radiomics probability scores into radiologists’ workflows has several important clinical 
implications. First, combining radiomics and expert interpretation can lead to more accurate identification of 
metastatic LPLNs, critical for optimal treatment planning in rectal cancer patients. Accurate discrimination of 
LPLN allows for better stratification of patients for LPLN dissection versus those managed with nCRT alone, 
preventing unnecessary and futile LPLN dissection. This tailored approach can potentially improve patient 
outcomes by ensuring that those at higher risk of metastasis receive the most appropriate treatment. Second, 
radiomics provides an objective, reproducible, and quantitative assessment, reducing inter-reader variability and 
leading to more consistent diagnoses and treatment decisions. Additionally, radiomics probability scores can 
educate radiologists, helping them identify imaging features indicative of metastasis, thereby enhancing their 
interpretive skills and diagnostic confidence over time.

Several limitations of our study should be acknowledged. First, the retrospective design and relatively small 
sample size may limit the generalizability of our findings. Future studies should include larger, multicenter 
cohorts to validate our results across diverse populations. Second, the MRI acquisition protocols varied across 
institutions, which, despite harmonization efforts, may introduce variability in feature extraction. Standardizing 
imaging protocols could enhance the robustness of radiomics models. Additionally, while our model performed 

AUC (95% CI) P value*

Radiomics model 0.842 (0.757–0.927) Reference

Reviewer 1 0.734 (0.624–0.844) 0.015

Reviewer 2 0.668 (0.530–0.805) 0.010

Table 4.  Comparison of diagnostic performances between the radiomics model and each radiologist and 
in a subset of validation cohort (n = 100). AUC area under the curve, CI confidence interval. *P values were 
calculated using radiomics model as a reference.

 

Fig. 4.  Decision curve analysis. The decision curve analysis demonstrated that the clinical-radiomics model 
provided no additional net benefit over the radiomics-only model for predicting LPLN metastasis in both 
internal (a) and external validation (b).
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well in the external VC, its sensitivity was lower compared to the DC. This discrepancy underscores the need 
for continuous refinement and validation of radiomics models in different clinical settings. Finally, we did not 
include diffusion-weighted imaging (DWI) which is a valuable MR sequence in the evaluation of LNs in rectal 
cancer. However, in the context of rectal cancer patients who have frequently undergone nCRT, LNs often 
become significantly smaller and may demonstrate reduced conspicuity on DWI. This poses challenges for 
reliable and reproducible segmentation, which is critical for radiomics analysis. The lower spatial resolution 
and increased susceptibility to distortion artifacts in DWI further complicate accurate delineation of small LNs 
post-treatment. Therefore, in this study, we focused on T2-weighted images, which offer higher anatomical detail 
and allow more consistent segmentation of LNs, particularly in the post-nCRT setting. Nonetheless, we believe 
that incorporating DWI into future radiomics analyses holds great promise and further studies that integrate 
both T2-weighted images and DWI should be performed to improve diagnostic performance for characterizing 
lateral pelvic LNs in rectal cancer patients.

Future research should focus on prospective studies to confirm the clinical utility of the radiomics model 
in routine rectal MRI practice. Integrating radiomics with other modalities, such as PET/CT, or incorporating 
genomic data could improve predictive accuracy and provide a more comprehensive understanding of metastatic 
pathways. Moreover, developing user-friendly software tools that can seamlessly integrate radiomics analysis 
into existing PACS systems will be crucial for practical application. Collaborative efforts between radiologists, 
oncologists, and data scientists will be essential to advance the field and translate radiomics research into tangible 
clinical benefits.

In conclusion, a radiomics approach using MRI images can effectively predict LPLN metastasis in rectal 
cancer patients, improving traditional size- and morphology-based criteria. It holds promise for enhancing 
diagnostic accuracy and guiding treatment strategies.

Fig. 5.  Receiver operating characteristic curves of both radiologists without and with knowledge of the 
radiomics probability score for predicting lateral pelvic lymph node metastasis. The area under the curve 
values for both radiologists significantly increased when the radiomics probability score was provided (from 
0.734 to 0.801 for radiologist 1 (a), P = 0.047; from 0.668 to 0.791 for radiologist 2 (b), P = 0.037).
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Data availability
The datasets used and/or analysed during the current study are available from the corresponding author on 
reasonable request.
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