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	Institution 1 (n=108)
	Institution 2 (n=82)
	Institution 3 (n=146)

	Ingenia 3T (n=57 [52.8%], Philips Healthcare)
Achieva 3T (n=17 [15.7%], Philips Healthcare)
Signa Excite HDXT 1.5T (n=12 [11.1%], GE Healthcare)
Discovery 750W 3T (n=7 [6.5%], GE Healthcare)
Biograph mMR 3T (n=4 [3.7%], Siemens Healthineers)
Signa Excite 3T (n=3 [2.8%], GE Healthcare)
MAGNETOM Verio 3T (n=3 [2.8%], Siemens Healthineers)
MAGNETOM Skyra 3T (n=2 [1.9%], Siemens Healthineers) 
MAGNETOM Spectra 3T (n=1 [0.9%], Siemens Healthineers)
MAGNETOM Avanto 1.5T (n=1 [0.9%], Siemens Healthineers)
Intera 1.5T (n=1 [0.9%], Philips Healthcare)
	Achieva 3T (n=36 [43.9%])
Ingenia 3T (n=33 [40.2%])
Intera 1.5T (n=12 [14.6%])
Discovery 750W 3T (n=1 [1.2%])

	Achieva 3T (n=113 [77.4%])
Ingenia 3T (n=25 [17.1%])
Signa HDx 3T (n=5 [3.4%])
MAGNETOM Skyra 3T (n=1 [0.7%])
MAGNETOM Tim Trio 3T (n=1 [0.7%], Siemens Healthineers)
MAGNETOM Verio 3T (n=1 [0.7%])


Table E1. MRI scanners used in three institutions



Table E2. T2-weighted MRI acquisition parameters
	
	Institution 1
	Institution 2
	Institution 3

	Plane
	Oblique axial or axial, coronal, sagittal
	Oblique axial or axial, coronal, sagittal
	Oblique axial or axial, coronal, sagittal

	Repetition time (ms)
	2400–8000
	3000–7800
	2800–7400

	Echo time (ms)
	80–120
	80–120
	60–120

	Flip angle (degrees)
	90–160
	90
	90

	Matrix size
	288–512 × 224–400
	224–364 × 196–360
	196–640 × 188–538

	Section thickness (mm)
	3–6
	3–4
	3–4

	Section gap (mm)
	3–6
	3–5
	3–5

	Echo train length
	11–32
	16–22
	11–33





Neoadjuvant Chemoradiation Therapy
Specifically, neoadjuvant chemotherapy and radiotherapy were performed in 264 (64/108 patients [59.3%] in institution 1, 58/82 patients in institution 2 [70.7%], and 142/146 patients in institution 3 [97.3%]) and 261 (63/108 patients [58.3%] in institution 1, 56/82 patients in institution 2 [68.3%], and 142/146 patients in institution 3 [97.3%]) patients, respectively. Neoadjuvant chemotherapy regimens included oral capecitabine (825 mg/m2 twice a day), modified FOLFOX (Oxaliplatin 85 mg/m2 IV, leucovorin 400 mg/m2 IV, 5-FU 400 mg/m2 IV bolus, followed by 1200 mg/m2/day continuous infusion), 5-fluorouracil IV (225 mg/m2 over 24 hours daily for 5 weeks), CAPEOX (Oxaliplatin 130 mg/m2 IV and Capecitabine 1000 mg/m2 PO twice daily for 14 days every 3 weeks), and 5-FU/leucovorin (5-FU 400 mg/m2 IV bolus + leucovorin 20 mg/m2 IV bolus). Neoadjuvant radiotherapy regimen was 45–50 Gy in 25 fractions. After completion of neoadjuvant therapy, surgery was performed.

N4 Bias Field Correction
The N4 filter is available in Python by the open-source image analysis toolkit as an improvement of the N3 bias correction method. The N4 filter provides an improved B-spline fitting routine allowing for the use of multiple resolution levels and an optimized iterative process updating constantly the residual bias field. The N4 filter is a histogram-based method for intensity inhomogeneity correction in images and is available as a python module, called N4ITK . The algorithm of the N4 bias filter is an iterative process between deconvolving the image histogram by a Gaussian, estimating the “corrected” intensities and spatially smoothing the resulted bias field estimation using the B-spline model. This process is repeated until the coefficient of variation in the ratio between subsequent bias field estimations drops below the convergence threshold or the maximum number of iterations is reached. Thus, the method seeks to estimate the smooth, slowly spatially varying, multiplicative field that sharpens the peaks of the intensity histogram by using an improved B-spline fitting routine.

Z-score Normalization
PyRadiomics enabled the normalization of image intensity values. Normalization centered the image at the mean with standard deviation (SD) [1]. Normalization was based on all gray values within the image and not just those defined by ROI. 

where x and f(x) represent the original and normalized intensity, respectively, μx and σx represent the mean and SD of the image intensity values, respectively, and s is a scaling factor, which was set to 100. All voxels values were shifted by 300 to ensure that the majority of voxels had positive values. Then, each feature was standardized using z-score normalization [z = (x − mean(x))/SD(x)] so that each feature has a same mean of 0 and a standard deviation of 1, contributing to the standard normal distribution [2].

Radiomics Feature Extraction
The classes of extracted radiomics features included ‘first order statistics,’ ‘three-dimensional shape-based,’ ‘two-dimensional shape-based,’ ‘gray level co-occurrence matrix,’ ‘gray level run length matrix,’ ‘gray level size zone matrix,’ ‘neighboring gray tone difference matrix,’ and ‘gray level dependence matrix.’, according to PyRadiomics documentation (https://pyradiomics.readthedocs.io) [3]

Radiomics Feature Selection and Model Construction
In the nested cross-validation, the development cohort was partitioned into 5 outer folds and 5 inner folds. The inner fold cross-validation was used for determining optimal hyperparameters for the prediction model, while the outer fold cross-validation was used for validating the predictive ability of the models. Feature filtering was applied within the cross-validation loop using a t-test with a P value cut-off of 0.2 and an r-square cutoff of 0.7. R-square filtering was used to remove features due to collinearity. A radiomics score for LPLN was defined as a linear combination of selected features weighted by their respective LASSO coefficients.

Feature-based Harmonization
The differences in feature values due to a center effect were estimated and these estimates were used to adjust the features. Since not all features may be affected in the same way by the center effect, the estimation for harmonization was done for each feature independently.
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