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Two-stage stain normalization
The proposed two-stage stain normalization was designed to preserve the intrinsic color distribution inherent to slide images while facilitating patch-based normalization for computational efficiency. This method is strategically partitioned into two steps to ensure compatibility with conventional computing environments, leveraging established stain normalization techniques, such as the Macenko method. 
The Macenko stain normalization method [1] has been widely used in the analysis of pathology images. It was designed to minimize staining variations in pathology images and to improve consistency in staining across pathology images. This method utilizes the color information in images to extract the major staining components and maps them to a standardized stain through the following key steps:
1) Color space transformation: Images are transformed from the RGB color space to the optical density (OD) space as follows:
						(1)
where  is an observed pixel intensity and  represents the intensity of the incident light. Typically,  is set to 255, a standard value for the maximum intensity in images.
2) Principal Component Analysis (PCA): PCA is applied to the transformed color space to identify the main staining vectors in images. The directions with the most significant variance,  are chosen as the primary staining vectors given by:
. 							(2)
3) Stain matrix estimation: The principal vectors obtained through PCA serve as columns in the stain matrix. This matrix represents the contribution of each stain to the images.
4) Stain normalization: The stain matrix of the input images and the target images are mapped to standardize the staining. This involves converting the stain vectors of the target images to those of the reference stain vectors as follows:
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 					(4)
where  and  denote the stain vectors of the input and target images, respectively, and  is the stain matrix.
However, due to limited computing resources, this method cannot be directly applied to an entire slide image. Consequently, only parts of the slide image, referred to as patches, are used as the target images for normalization. This leads to a loss of intrinsic color distribution information, which varies across different areas of the slide images.
The essence and operational details of the proposed two-stage method are delineated as follows:
1) Slide-level normalization with thumbnails: Due to computational efficiency, slide images are resized into thumbnails to make them manageable within standard computational environments. Let   and  be a set of target slide images and the corresponding thumbnail images, respectively. The height and width of thumnail images are limited to 4096 pixels. Given an input slide image , we generate a thumbnail image , which undergoes a normalization process using the Macenko method as follows:
 			(5)
where  is the normalized thumnail image and  is a stack of thumbnail images generated from the training slide images. In this manner, we match the color distribution of  with that observed in . 
2) Patch-level normalization with slide-level color distribution: Using the normalized thumbnail image , we conduct path-level normalization for the input slide image .  is split into disjoint image patches  where  is of size 1024 x 1024 pixels and  is the number of image patches. For each image patch , the target image patch  is retrieved from .  is resized to match the spatial size of . Then, we normalize  as follows:
 			(6)
where  is the normalized image patch. By repeating this for all image patches, we complete the two-stage stain normalization.
Through this approach, we leverage the intrinsic color distribution at both slide and patch levels to improve the consistency and reliability of the staining quality, overcoming common limitations of the existing normalization methods.  


Implementation details
AI models in this study were optimize with Adam optimizer and its default setting (β1=0.9, β2=0.9, ε=1.0e-8) with a batch size of 16 and cross entropy objective function. Each model was trained for 60 epochs with cosine annealing warm restarts schedule [2] with an initial learning rate of 1.0e-3 and T0= 20. Feature extractors were initialized using the pre-trained weight on ImageNet dataset. The last layer (fully connected layer) of these models was initialized using K.He method. We used the PyTorch library to implement the models and run them on a workstation with four RTX 3090 GPUs.
We trained and tested image patches in two scales, which are the original x40 magnification (patch size of 1024x1024 pixels) and x20 magnification (patch size of 512x512 pixels). In the training phase, we adopted several data augmentation techniques to increase the variety of the training set: 1) random flips along horizontal or vertical dimension; 2) affine transformations with a shear in the range [-16o, 16o] or a rotation in the range [-45o, 45o], 3) changing the color image patches by changing hue, saturation, and contrast; 4) blurring image patch with a Gaussian, average or median filter;  5) adding noise and drop out pixels. Aleju library (https://github.com/aleju/imgaug) was employed to conduct these augmentations.
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