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Additional File 1: SUPPLEMENTARY METHODS

Datasets and samples selection
	In each TCGA cohort, the selection of one frozen slide for each patient was based on the following criteria: i) existence of matched RNAseq data; ii) exclusion of healthy samples and diagnostic slides; iii) WSIs with a resolution from 0.20-0.26 µm per pixel to guarantee coherence and homogeneity of the features learned by the models during training; iv) selection of the slide from tissue sections anatomically adjacent to those used for RNA sequencing, ensuring spatial proximity between pathological and transcriptomic data; vi) tumor site, using the following priority order: primary solid tumor (identifier code 01), recurrent solid tumor (code 02), metastatic (code 06) and additional metastatic (code 07); and vii) correct image quality based on absence of artifact. 

	Gene expression data and analyses
The gene expression profiles of frozen tumor samples collected in the PELICAN and NEO-R-IPC cohorts were generated in our laboratory using RNAseq. Briefly, tumor RNA was extracted using the AllPrep DNA/RNA Micro Kit (Qiagen, Hilden, Allemagne). After extraction, RNA quantification and quality control were done using the Nano-Drop ND-1000 technology (ThermoFisher). RNA sequencing libraries were prepared from 200 ng of total RNA using the Agilent Magnis NGS Prep System and the Agilent, SureSelect XT HS2 RNA, Human All Exon V8 kit. The resulting amplified and barcoded libraries were then equimolarly pooled and quantified using the TapeStation system (Agilent). The sequencing was carried out by Macrogen Europe (Amsterdam, Netherlands) using single-read mode (SR100) on an Illumina Novaseq 6000 instrument (Illumina, San Diego, CA, USA). The sequencing configuration was set to reach an average of 50 million fragments per sample. Raw reads were aligned to the human reference genome (hg38) using STAR (v2.7.9a). Then, gene quantification was performed using HTSeq-count and the GENCODE v43 annotation.
We applied the ICR GES to each cohort separately (I-SPY2, TCGA cohorts, PELICAN, NEO-R-IPC) based on consensus clustering analysis of the expression levels of 20 immune genes (CCL5, CD274, CD8A, CD8B, CTLA4, CXCL9, CXCL10, FOXP3, GNLY, GZMA, GZMB, GZMH, IDO1, IFNG, IL12B, IRF1, PDCD1, PRF1, STAT1, TBX21) as described [1]. 
In order to explore the underlying biological basis of our AI-ICR model in BC, we analyzed the gene expression profiles of the TCGA-BRCA cohort by comparing AI-ICR-high versus AI-ICR-low tumors. First, supervised analysis searched for genes differentially expressed using a moderated t-test with empirical Bayes statistic included in the limma R packages. False discovery rate [2] was applied to correct the multiple testing-hypothesis P<5%, Q<5%, |FC|≥2x). Gene ontology analysist was based on the GO Biological Processes from the Database for Annotation, Visualization and Integrated Discovery (DAVID; http://david.abcc.ncifcrf.gov/). Second, the CIBERSORT algorithm quantified the absolute amount of 22 different infiltrating immune cell types in the tumor microenvironment [3].

Whole-slide images pre-processing and feature extraction
The first step of the workflow was the upscaling of WSIs from our IPC dataset (PELICAN, NEO-R-IPC) using bicubic interpolation to obtain a pixel width of 0.20 µm while maintaining the range of the color encoding, in order to be consistent with TCGA WSIs. After upscaling, the following steps were applied similarly to the TCGA WSIs and the IPC WSIs using the clustering-constrained attention multiple instance learning (CLAM) pipeline [4]. CLAM is a transformer-based approach and thus, by incorporating attention mechanisms, allows the model to selectively highlight tiles of WSIs the most informative with respect to gene expression profiles. In a first step, WSIs were segmented to select tissue regions based on grey level intensity and tessellated in non-overlapping 512 x 512 pixel-sized tiles. Second, and before classification, image features were extracted by feeding image tiles to UNIV2 [5], a neural network pre-trained on pathology images, which derives a 1,536-features vector from each tile. CLAM also avoids any tumor segmentation step, a possible source of biases notably with immune signatures, and thus decreases subjective human interfering factors and increases robustness.

Statistical analyses
Associations between the tumor classes and clinicopathological variables were measured using the Fisher’s exact test or the t-test when appropriate. In the TCGA-BRCA set, overall survival (OS) was calculated from the date of diagnosis until the date of death using the Kaplan-Meier method, and curves were compared with the log-rank test. Uni- and multivariate prognostic analyses for OS were done using Cox regression analysis (Wald test). The variables submitted to univariate analysis included AI-ICR prediction status (high vs low), patients’ age at diagnosis, pathological type, pathological stage, IHC subtypes, lymphocyte infiltration, and classifications based on prognostic multigene signatures (ICR, Mammaprint, ROR, RS). Variables with a p-value <0.05 in univariate analyses were tested in multivariate analyses. The likelihood ratio (LR) tests were used to assess the prognostic information provided beyond that of a clinicopathological model, assuming a χ2 distribution. Changes in the LR values (ΔLR-X2) measured quantitatively the relative amount of information of one model compared with another. We also analyzed the pCR after NACT: pCR was defined as absence of invasive cancer in both breast and axillary lymph nodes. Uni- and multivariate analyses for pCR were done using binomial logistic regression (glm; significance estimated by specifying a binomial family for models with a logit link). Variables with a p-value <0.05 in univariate analyses were tested in multivariate analyses. All statistical tests were two-sided at the 5% level of significance. Statistical analysis was done using the survival package (version 2.30) in the R software (version 2.9.1; http://www.cran.r-project.org/). 
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