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Supplementary methods
Study approval and patients sample collection
[bookmark: OLE_LINK124]The present study received ethical approval from the Research Ethics Committees of both the Naval Medical University and the Eastern Hepatobiliary Surgery Hospital. Informed consent was obtained from each participant. The acquisition of fresh patient samples for single-cell RNA sequencing (scRNA-seq) and patient-derived organoid culture was carried out at the Eastern Hepatobiliary Surgery Hospital (EHBH), located in Shanghai, China. All patient diagnoses were meticulously confirmed histologically by two independent pathologists. Detail diagnosis, tumor serum marker tests and pathological examination of patients for scRNA-seq were shown in Supplementary Table S1.  
[bookmark: _Hlk173740700]Single-cell RNA-seq sample preparation, library generation and sequencing
Sample preparation, library generation and sequencing were performed as previously described and expertly handled by Shanghai Biotechnology Corporation in China1. In brief, tissues were minced and transferred into 15mL tube with 5mL digestion buffer (0.25% trypsin (ThermoFisher, 14190144) and 10 μg/mL DNase I (Sigma, 11284932001) dissolved in PBS with 5% FBS (ThermoFisher, SV30087.02)). The 15 mL tube was incubated in 37℃ with a shaking speed of 50 rpm for about 40 min; repeatedly collected dissociated cells at an interval of 20 min; filtered by a 40 μm nylon cell strainer; removed red blood cells by 1× Red Blood Cell Lysis Solution (ThermoFisher, 00-4333-57); washed with DPBS containing 2% FBS. The viability of cells would be checked on Countess® II Automated Cell Counter after trypan blue staining (ThermoFisher, 14190144).
To guarantee that each cell was effectively coupled with a bead in a Gel Beads-in Emulsion (GEM), we saturated the 10× library preparation and sequencing beads with unique molecular identifiers (UMIs) and cell-specific barcodes. Polyadenylated RNA molecules hybridized to these beads after being exposed to a cell lysis buffer. The beads were then collected into a single tube for reverse transcription. During cDNA synthesis, each cDNA molecule was labeled at the 5’ end with an UMI and a cell label to indicate its source cell. The process involved 10x beads undergoing second-strand cDNA synthesis, adaptor ligation, and universal amplification. Sequencing libraries were prepared using randomly fragmented whole-transcriptome amplification products to enhance the 3’ end of the transcripts linked with the cell barcode and UMI. Subsequent steps, including library construction, were carried out according to the manufacturer’s standard protocol (CG000206 RevD). The sequencing libraries were quantified using a High Sensitivity DNA Chip on a Bioanalyzer 2100and the Qubit High Sensitivity DNA Assay. The libraries were then sequenced on the NovaSeq6000 platform with 2 × 150 chemistry.
In-house Single-cell RNA sequencing data analysis and cell type annotation
Single-cell RNA sequencing data were processed and quantified using Cell Ranger (version 5.0.0) against the human reference genome GRCh38. Following this, the filtered expression matrices were analyzed using the Seurat package (version 4.0.2) within R software (version 4.0.3)2. Initially, genes expressed in less than three cells and cells with fewer than 200 expressed genes were removed. Low-quality cells were identified based on three criteria: (1) total counts between 200 and 8,000, (2) detection of more than 200 genes, (3) less than 20% of genes derived from the mitochondrial genome, and (4) less 60% of genes from ribosome. After the removal of low-quality cells, downstream analysis was conducted using the sctransform and harmony pipelines within Seurat3,4. This involved normalizing the data with the SCTransform function using default parameters, followed by dimension reduction with the top 15 principal components (PCs). Integration was achieved through RunHarmony, and the data was visualized using UMAP with a reduction of 15 PCs. Clustering was performed with a resolution of 0.5.
To annotate the major cell types within our datasets, we employed the FindAllMarkers function to determine the differentially expressed genes for each cluster. Subsequently, we manually identified the cell types based on classical marker genes, such as EPCAM and KRT19 for epithelial cells, PECAM1, VWF, and CD34 for endothelial cells, LUM, COL1A1, and COL1A2 for mesenchymal cells, S100B, GAP43, NCAM1, and NGFR for Schwann cells, CD163, CD68, and CD14 for myeloid cells, CD79A and MS4A1 for B cells, MZB1 for plasma B cells, CD3D, CD3E, and NKG7 for T/NK cells, and KIT, CPA3, and TPSAB1 for mast cells. Clusters expressing two or more marker genes were categorized as doublets and eliminated from subsequent analyses.
Subsequently, we segregated the identified cell types into individual Seurat objects to conduct a second round of clustering. This approach allowed us to further delineate the subpopulations within the major cell types using the sctransform and harmony workflows. For benign epithelial cells, the top principal components (PCs) were 21 with a resolution of 0.5. For malignant epithelial cells, the same PCs and resolution were used. For mesenchymal cells, the top PCs were 15 with a resolution of 0.8. For myeloid cells, the top PCs were 14 with a resolution of 0.8. For T/NK cells, the top PCs were 20 with a resolution of 1. Differential expressed genes for subpopulations were also calculated using the FindAllMarkers function within Seurat.
Sample preference analysis
The ratio of observed to excepted cell numbers (Ro/e) algorithm was employed to calculate the sample preference of cell clusters or subpopulations as previously described1,5. The expected cell numbers of cell clusters or subpopulations in samples were calculated from the chi-square test. The enrichment of a cell cluster or subpopulation in specific samples was defined when Ro/e > 1. The enrichment was visualized by pheatmap.
Gene ontology pathway enrichment
The clusterProfiler package was utilized to conduct Gene ontology (GO) biological process enrichment analysis6. For the enrichment analysis, differential expressed genes from each subpopulation were selected based on the following criteria: (1) an average log2 fold change exceeding 0.5, (2) an adjusted p-value less than 0.05, and (3) a higher expression percentage compared to other subpopulations.
Distinguish malignant and non-malignant epithelial cells based on inferCNV
The inferCNV package was employed to ascertain copy number variations (CNVs)7. As reference cells, a random sample of 1000 cells each was drawn from the following cell types: endothelial cells, mesenchymal cells, T/NK cells, and myeloid cells. Chromosomes related to sex and mitochondria were excluded from the analysis. Subcluster analysis mode was selected, and the number of groups was set to 20 to facilitate the visualization of CNV patterns across all samples. The CNV score for each cell was computed as the quadratic sum of the CNV regions8.
The heterogeneity of CCA malignant cells
To elucidate the heterogeneity of malignant cells in CCA, we employed two analytical strategies: a continuous approach involving consensus non-negative matrix factorization (cNMF) and a discrete method utilizing UMAP dimensionality reduction9.
Initially, we conducted a cNMF analysis to delineate meta-gene programs and assess their prevalence across the three CCA subtypes. The cNMF package was utilized to decipher the gene expression programs within malignant cells from each patient10. For this purpose, the count matrix for each patient was refined to include the top 3000 highly variable genes, excluding mitochondrial and ribosomal genes, prior to cNMF execution. The range for K was set between 3 and 10, with a sampling number of 2000 and an iteration limit of 100. To establish consensus programs, the components were selected based on stability and error plots. Programs present in less than ten percent of cells were discarded. Jaccard similarity scores among the remaining programs were computed and used for clustering purposes. Seven meta-programs were manually curated. Genes expressed in more than twenty-five percent of the meta-programs were designated as meta-program genes. The functional annotations of the meta-programs were determined through GO biological process enrichment analysis of the meta-program genes. Meta-program scores for individual cells were calculated using the AddModuleScore function with the meta-program genes. The meta-program scores for each sample type and patient were derived by averaging the scores across cells.
Subsequently, we quantified the inter- and intra-patient heterogeneity of CCA malignant cells using the Seurat pipeline as previously outlined. The patient center was defined as the average UMAP coordinate of the malignant cells for each patient. The global center was computed as the average of all patient centers. The intra-patient heterogeneity was defined as the average Euclidean distance from the malignant cells to their respective patient center, while the inter-patient heterogeneity was defined as the average distance from the patient centers to the global center11.
Patient-derived cholangiocarcinoma organoids culture
Patient-derived cholangiocarcinoma organoids were constructed as previously described. Fresh CCA tissues were rinsed with PBS (Gibco, 20012027) to wash away obvious blood. Tissues were cut into pieces and placed into 15 mL tube with digestion buffer (DMEM (BasalMedia, L110KJ) with 4 mg/mL collagenase D (Roche, 11088866001), 10 µM Y27632, 1% penicillin/streptomycin (Gibco, 15140-122), and 100 µg/mL Primocin (InvivoGen, ant-pm-1)) to incubate at 37℃ for 30 ~120 min on an orbital shaker. DMEM media with 10% FBS (Gibco,10099-141C) was added to the tube to neutralize collagenase D after digestion. Suspension with cells was filtered through a 70 µm Nylon cell strainer. 10 µL cell suspension was taken to stain by Trypan Blue (ThermoFisher, 14190144) and calculate the concentration of live cells. The other suspension was centrifuged for 5 min at 300–400 g. The deposit was rinsed gently twice with cold Advanced DMEM/F12 (Gibco, 12634-010) and then resuspended with optimized hepatobiliary tumor organoid culture medium as previously described. 5,000 to 10,000 cells were mixed with cold Matrigel Basement Membrane Matrix (Corning, 356231) and 70 µL Matrigel-cell mixtures were seeded in prewarmed 24-well suspension culture plates to incubated at 37 °C for 30 min. 500 µL of organoid medium per well was added after mixtures complete gelation. The culture media was changed every 3-4 days. The organoids were passaged with a split ratio of 1:3 every 2-3 weeks. 
RNA-sequencing of organoid
Total RNA was extracted from organoids using TRIzol reagent (ThermoFisher, 15596018CN), adhering to the manufacturer's recommended protocols. The quality and quantity of the RNA were assessed using a NanoDrop 2000 spectrophotometer and the integrity was confirmed with an Agilent 2100 Bioanalyzer. Library preparation was conducted using the VAHTS Universal V6 RNA-seq Library Prep Kit (15596018CN, NR604) according to the manufacturer's guidelines. Transcriptome sequencing was executed by OE Biotech Co., Ltd. (Shanghai, China). The libraries were sequenced on an Illumina Novaseq 6000 platform, producing 150 bp paired-end reads.
Raw fastq reads were initially processed by fastp (version 0.20.1) to eliminate low-quality sequences and generate clean reads12. These clean reads were then aligned to the reference genome using HISAT2 (version version 2.1.0)13. Gene read counts were subsequently determined using HTSeq-count (version 0.11.2)14.
Subtyping of CCA patients in in-house scRNA-seq cohort, organoid cohort and validation by ICGA-CCA dataset
The subtypes of cholangiocarcinoma (CCA) patients were identified through clustering based on the meta-program scores computed for each patient as outlined earlier. The k-means clustering algorithm was employed, utilizing Euclidean distance and the ward.D2 method. The number of clusters was predetermined as four.
For the organoid cohort, the RNA-seq count matrix underwent initial preprocessing as previously reported1. Subsequently, the meta-program scores for each patient were derived in a manner analogous to the AddModuleScore approach. Specifically, the procedure involved calculating the average expression values for each gene and sorting them in ascending order. The genes were then divided into 24 bins, and a background set of 100 genes, excluding those in the meta-program gene set, was randomly selected. The meta-program score was computed as the difference between the average expression of the meta-program gene set and the average expression of the background genes. Patients were then clustered based on the Euclidean distance of their meta-program scores, as previously mentioned.
To validate the subtypes identified in our in-house cohort, the The International Cancer Genome Consortium cholangiocarcinoma cohort (ICGC-CCA) gene expression array dataset was obtained from the Gene Expression Omnibus (GEO) using the accession number GSE8974915. The dataset was processed using the affy package (version 1.68.0)16. Batch effects were removed using the ComBat function from the sva package (version 3.38.0)17. The meta-program scores for each patient were calculated as described above, and the subtypes were clustered using the k-means algorithm, consistent with the previous analysis.
Drug screening based on cholangiocarcinoma organoid
A mixture of 5 µL medium and 5 µL Matrigel was dispensed into 384-well microplates and allowed to polymerize. Cells, dissociated from organoids using TrypLE Express (Gibco, 12604013), were seeded at a density of 1 x 103 cells per well in a total volume of 30 µL and cultured overnight. Subsequently, 30 µL of drug solution was added to the culture medium to achieve a final concentration of 10 µM according to the instruction of 175 compounds library (Selleck, L2000). After a 4-day incubation with the drugs, cell viability was assessed using the CellTiter-Glo 3D Reagent (Promega, G9683), following the manufacturer’s protocol. 
Organoid viability analysis and visualization
The viability of the organoids was computed using the formula after subtracting background: luminescence of drug-treated wells / luminescence of DMSO control wells × 100%. To determine the Z-scores of the organoids, the following calculation was applied: (viability of drug-treated wells - viability of DMSO control wells) / standard deviation of DMSO control viabilities18. The response for each drug was quantified as the cumulative sum of its respective Z-scores and scaled from 1 to 100. Information on the target pathways of the drugs was supplied by the manufacturer, while the drug statuses in our assay were searched from the PubChem database. The ComplexHeatmap R package was employed to graphically represent the viability and Z-score data19. Initially, the drugs were categorized according to their target pathways, and subsequently, they were ordered in ascending sequence based on their overall response.
Cell stemness 
CytoTRACE analysis was performed to infer the stemness of malignant epithelial cells and mesenchymal cells with default parameters20. 
Trajectory analysis
Monocle2 (version 2.18.0) was employed to deduce the pseudo-temporal trajectory of eCCA malignant cells based on their transcriptional profiles21. A CellDataSet object was created from the Seurat object. Genes that were expressed in less than 10% of the cells were excluded from the analysis. The top 500 genes with the highest variability were chosen for subsequent cell ordering using the setOrderingFilter function. The DDRTree algorithm within the reduceDimension function was utilized to construct the trajectory. The initial root of the trajectory was identified using CytoTRACE, which highlighted cells with a high potential for differentiation (stemness score).
RNA in situ sequencing of eCCA 
[bookmark: _Hlk173742469]RNA in situ sequencing of eCCA was carried by Dynamic Biosystems (Suzhou, China). Formalin-fixed paraffin embedded tissue of eCCA were cut into 5-μm thickness sections, followed by baking 30 min at 60°C in an oven and deparaffinization in xylene for 15 and 10 minutes respectively. To rehydrate tissue sections, slides were immersed into 100%, 95% and 70% ethanol successively, each twice for 2 minutes, and submerged in diethyl DEPC-H2Ofor 5 minutes, followed by washed with DEPC-PBS for 2 minutes. To fix tissues, the slides were soaked into 4% (w/v) paraformaldehyde (Sigma, 16005) in DEPC-PBS for 10 minutes, followed by rinsing with DEPC-PBS. Then, the slides were permeabilized in 0.1 mg/mL pepsin (Sigma, P7012) dissolved in 0.1M HCl for 30 min at 37°C and washed with DEPC-H2O and DEPC-PBS for 5 min and 2 min respectively. The slides were dehydrated in an ethanol series at last. 
They were exposed to a hybridization mixture containing target probes labeled with unique barcodes for individual RNA species at 37°C for a duration of four hours. Following this, they were incubated with a ligation cocktail at 37°C for half an hour. Subsequently, the slides were treated with splint primers in a circularization solution at 37°C for an additional half hour. Finally, an amplification mixture for rolling circle amplification (RCA) was applied, and the slides were incubated at 30°C throughout the night. After each of these steps, the slides were rinsed thrice at ambient temperature using Wash Buffer (1P1030, Dynamic Biosystems).
For the sequencing process, the slides were treated with a ligation buffter containing anchor primers, labeled sequencing interrogation probes, and ligase, and incubated at 30°C for a period of 45 minutes. Thereafter, they were mounted in SlowFade Gold Antifade Mountant (ThermoFisher Scientific, S36936) supplemented with 0.5 μg/mL DAPI (Sigma, D9542). Imaging was conducted using the 3D-Hitech Pannoramic® MIDI II system, equipped with a pco.edge 4.2bi camera, and a 20x objective lens was employed. A set of DAPI images was designated as the reference, and the SIFI algorithm was applied to extract features from the DAPI images across various rounds. The feature points from the DAPI images of different rounds were then aligned, and the matched feature points were utilized to perform affine transformation, thereby registering the images from each round. Subsequent to this, the tophat function of OpenCV was used for background subtraction. Through the identification of genuine signals and their decoding, the spatial localization and quantification of RNA were ultimately ascertained22.
Analysis of in situ sequencing data
The data analysis of RNA in situ sequencing (ISS) was performed by Dynamic Biosystems in Suzhou, China. ISS employs multiple imaging cycles to target more genes than the number of distinct fluorophores. However, experimental conditions, such as the movement of the microscope slide on the stage, can cause shifts in the field of view. To correct this error and ensure accurate localization of RNA targets, the scale invariant feature transform (SIFT) algorithm is utilized to extract matching feature points between a common reference image and the image to be registered. The change matrix between the two images is then calculated based on the relative position of each set of matching feature points, and the image is corrected by affine transformation to achieve image registration.
Image correction is essential due to the influence of shooting equipment, tissue status, and experimental conditions. Autofluorescence in tissues can lead to more background noise in cellular compartments than intracellular regions. To address uneven illumination, adaptive histogram equalization is applied. Fourier transform and high-pass filtering are used to filter the image in the frequency domain, removing background noise while retaining signal points. Gray value stretching is then used to enhance the signal points.
Watershed algorithm based on local extremum is employed to identify and locate signals in each cycle of images, and the quartile method filters detected signal points. Signal point recognition is based on the central area having a significantly higher gray value than the surrounding area. The base score (BS) is defined as the difference between the average gray value of a 4 * 4 pixels area in the center of the signal point and the surrounding 10 * 10 pixels. The sequencing quality is further defined by the formula 
.
Barcodes with single base quality less than 5 and average quality less than 10 are filtered out. A gene-by-space matrix is generated for downstream analyses.
Cell segmentation is performed using DAPI images and the deep learning algorithm cellpose for cellular segmentation. Nuclei are expanded until a maximum distance of 20 pixels or until the boundary of another cell is reached. A gene-by-cell matrix is generated for downstream analyses23. Cell type annotation is based on the total gene count of each cell type marker in every cell, with the cell being named after the cell type with the maximum gene count. If all cell type markers have a gene count of 0, the cell is labeled as unknown.
Cell types are annotated by markers based on scRNA-seq, such as EPCAM and KRT19 for epithelial cells, PDGFRA, PDGFRB and RGS5 for pericytes, CD14, CD68 and CD163 for Monocytes/Macrophages, CD3D and CD8A for CD8 T cells. Epithelial cell expressing LY6D are defined as LY6D+ epithelial cells. The spatial distribution of genes and cells was analyzed by dividing the tissue into a grid system with 60*60pixels square units. Gene and cell density was quantified as the count of target cells per unit area within each grid.
Differential expressed gene analysis calculates the fold change (FC) of the average gene expression level between LY6D+ epithelial and LY6D- epithelial cells.
The spatial distances between LY6D+ cells and ISG15+ TME cells were calculated using the tl.spatial_distance function from the scimap (version 2.3.1) and log-transformed24.
Immunohistochemical (IHC) staining 
The tissue microarrys containing 133 CCA patients from Eastern Hepatobiliary Surgery Hospital and Tongji Hospital were employed to validate the association between subtype-specific marker expression and clinical prognosis (Supplementary Table S1). IHC staining was perfromed as previously described1. To assess marker immunoreactivity, pathologists blinded to clinical outcomes conducted image analysis by evaluating both staining density and intensity.
Multiplex immunofluorescence staining 
The tissue sections underwent a series of preparatory steps including deparaffinization, rehydration, and inactivation of endogenous peroxidase activity, all in accordance with established immunohistochemistry procedures. For multiplex immunofluorescence staining, each incubation step was conducted within a light-protected, humidified incubation chamber, with samples agitated at 300 rpm on an orbital shaker. After each treatment, the applied reagents were carefully decanted, and the sections were subjected to triple washing with TBST. Following this, a multi-color staining regimen was initiated, adhering to the guidelines provided by the manufacturer (PerkinElmer). The immunofluorescence-labeled slides were then visualized under a confocal microscope equipped with a 60× objective lens. To ensure comprehensive capture of whole-slide images without pixel saturation, saturation protection settings were utilized. For accurate analysis, a spectral library was compiled for each OPAL fluorochrome and consistently applied across all immunofluorescence panels examined during the experimental process.
Cell culture
The QBC-939 extrahepatic cholangiocarcinoma cell line was purchased from Shanghai Cell Bank of the Chinese Academy of Sciences (BFN60810642) and underwent authentication via short tandem-repeat (STR) DNA profiling, confirming its identity. Additionally, the cell line was screened and found to be free of mycoplasma contamination. For cultivation, QBC-939 cells were maintained in RPMI 1640 medium (BasalMedia, L210KJ) enriched with 10% FBS (Gibco, 10099-141), along with 100 U/mL of penicillin and 100 μg/mL of streptomycin (Gibco, 15140-122). The cells were incubated under optimal conditions at 37°C in a 5% CO2 atmosphere.
Sorting of LY6D+ QBC-939 eCCA cells based on flow cytometry
Once the QBC-939 cell line was dissociated into single cells, the cell concentration was diluted to 1×107 cells/mL. To this, 1 μg of anti-LY6D antibody (PA5-64167, Invitrogen) was introduced into a 100 μL volume of the cell suspension and incubated on ice for a period of 30 minutes. Following incubation, the cell suspension was washed, and subsequently, 1 μg of a secondary antibody specific to rabbit IgG conjugated to PE (406421, biolegend) was added. The mixture was then incubated on ice for an additional 30 minutes in the dark. For the control group, no primary antibody was added, or only the secondary antibody was included. The fluorescence-activated cell sorting (FACS) data were subsequently analyzed using FlowJo software.
Spheroid Formation Assay
QBC-939 cells were plated in ultra-low attachment 6-well plates at a density of 1000 cells per well. After a 7-day incubation period for the LY6D sorting experiment or an 11-day period for the ISG15 stimulation experiment, tumor spheres were enumerated using a stereomicroscope.
RT-qPCR
The sorted LY6D+ and LY6D- subgroups of the QBC-939 cell line were isolated using the EasySepTM Release PE Positive Selection Kit (Stemcell, 17654) in accordance with the manufacturer's specified protocols. Subsequent to cell sorting, total RNA was extracted from the samples using TRIzol reagent (15596026, Invitrogen), following the recommended procedures outlined by the manufacturer. Real-time PCR was conducted on a LightCycler® 96 Real-Time PCR System, utilizing the SYBR Green PCR kit (Accurate Biology, AG11701).
Drug resistance test by QBC-939 cells
Cells from the QBC-939 LY6D+ and LY6D- subgroups were plated into 96-well plates at a density of 2,000 cells per well. Following a 12-hour incubation period post-seeding, the cells were treated with a series of dilutions of Gemcitabine (Gemethabine HCl, Selleck, S1149), Cisplatin (Selleck, S1166), or 5-fluorouracil (Selleck, S1209), resulting in final drug concentrations of 0, 1, 10, and 100 µM. After a 4-day incubation with the drugs, cell viability was assessed using the Cell Counting Kit-8 (CCK-8) assay (NCM Biotech, C6005), adhering to the protocol provided by the manufacturer. The relative survival rates in the presence of the inhibitors were normalized to the untreated controls, with background values subtracted to ensure accuracy. To test the drug resistance effect of ISG15, 100ng/mL ISG15 and vehicle were used to treat QBC-939.
Organoid drug resistance experiment
To assess the impact of ISG15 on drug resistance, organoid L338 was treated with the same drug concentrations and conditions as described above. During drug treatment, 100 ng/mL ISG15 or vehicle control was added to the culture medium. The resistance rate was calculated as （luminescence of ISG15-treated wells - luminescence of vechicle wells) / luminescence of vechicle wells × 100%
Mouse model
NOD/SCID mice were purchased from Shanghai Model Organisms Center, Inc., China. The breeding and experimental procedures were conducted in a specific pathogen free facility, having received approval from the Animal Ethics Committee of the National Center for Liver Cancer. Cells sorted as QBC-939 LY6D+ or LY6D- (104 cells) were resuspended in a 50 µL medium-50 µL matrigel mixture and subsequently injected subcutaneously into 6-week-old male NOD/SCID mice. The mice were euthanized three weeks post-injection.
Western Blotting
A tissue sample weighing 100 mg was finely minced, and an IP lysis buffer containing protease inhibitors was added. The mixture was homogenized using a tissue grinder, and the lysate was centrifuged at 15,000 rpm for 15 minutes to extract the protein sample. The proteins were then separated by SDS-PAGE and transferred onto polyvinylidene difluoride (PVDF) membranes. To detect target proteins, the membranes were incubated overnight at 4°C with primary antibodies against LY6D (1:100, Santa cruz, sc-373838), KLK7(1:1000, abcam, ab254258), CDH3 (1:1000, abcam, ab242060), CD44 (1:1000, abcam, ab189524), CD133 (1:1000, abcam, ab19898), EPCAM (1:10,000, abcam, ab71916), and β-actin (1:5000, abclonal, AC004). This was followed by a 2-hour incubation with either goat anti-rabbit or goat anti-mouse secondary antibodies conjugated to horseradish peroxidase (1:5000). Protein bands were visualized using an enhanced chemiluminescence (ECL) Western blot detection kit (Tanon, 180-5001).
Gene Set Variation Analysis
Gene set variation analysis was performed on the hallmark gene set of MSigDB using default sets, as described in the GSVA package25,26. 
Analysis of three single-nuclei /single-cell RNA-seq validation cohorts
To confirm the presence of LY6D positive malignant epithelial cells and the high expression of ISG15 in pericytes, macrophages, and CD8+ T cells, we accessed three eCCA single-nuclei/single-cell RNA-seq cohorts by authorization27–29. Supplementray Table S1 A and Figure S11A showed the details of three cohorts. The fastq files were processed through the CellRanger pipeline to generate a counts matrix. To ensure high-quality cell selection, we retained cells with a detected gene range between 200 and 5000, a mitochondrial gene percentage below 15%, and a ribosomal gene percentage below 30%. Genes expressed in fewer than three cells were excluded. Subsequently, the filtered matrices from all samples were subjected to analysis using the sctransform and harmony pipelines within the Seurat package, as previously outlined. The specific parameters for analysis included setting npc to 20 for the RunPCA function, dims to 1:30 for both the RunUMAP and FindNeighbors functions, and a resolution of 0.3 for the FindClusters function. Potential doublet clusters were discarded, and cell types were annotated as previously described.
Survival analysis
[bookmark: OLE_LINK7]Prognostic influence of meta-programs marker genes were evaluated by IHC in our 133 CCA patients tissue microarry cohort. Prognostic influence of meta-programs, cell subtypes and interesting gene ISG15 were evaluated in ICGC-CCA cohort. The survival (version 3.2.11) and survminer (version 0.4.9) packages was used to perform Kaplan–Meier survival analysis and curve plotting.
Cell-cell interaction
The cell-cell interaction was analyzed and visualized by CellChat (version 1.1.3) with default parameters30. 
Immune cell function scoring
To assess the functional profiles of monocytes and macrophages, we applied the methodology as previously established. For the functional characterization of CD4 and CD8 T cell subpopulations, we leveraged the gene sets from the pan-cancer T cell analysis study by Yanshuo et al. and computed the functional scores using the AddModuleScore function31.
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Supplementary Figures
[image: ] Supplementary Fig. S1. Markers expression of all cells. 
(A) UMAP visualization of all cells colored by markers expression. Epithelial cells: EPCAM. Endothelial cells: PECAM1 and CD34. Mesenchymal cells: LUM and COL1A1. Schwann cells: GAP43, NCAM1, NGFR and S100B. Myeloid cells: CD163 and CD14. B cells and plasma B cells: CD79A. T cells: CD3D. Mast cells: CPA3 and TPSAB1.


[image: ] Supplementary Fig. S2. inferCNV analysis of epithelial cells. 
 (A) Copy number variation (CNV) analyzed by inferCNV to recognize malignant and non-malignant epithelial cells. The observation heatmap is ranked by CNV groups which is manually set as 20. (B) CNV analyzed by inferCNV to recognize malignant and non-malignant epithelial cells. The observation heatmap is ranked by patients. iCCA4 is removed due to cells less than 50. (C) CNV scores of each CNV group corresponding to (A) and (B). Group 3, 5 and 6, mainly derived from non-tumor samples, are classified as non-malignant epithelial cells due to lower CNV scores. (D) Proportions of non-malignant and malignant cell in each patient. 


[image: ]Supplementary Fig. S3. Subtyping of benign epithelial cells.
(A) UMAP displaying eight benign epithelial subtypes labeled by colors and numbers. (B) Heatmap showing the expression levels of the DEGs of eight benign epithelial subtypes normalized by z-score. (C) Barplots showing GO biological processes across eight benign epithelial subtypes. (D) UMAP plot displaying benign EPCs colored by sample types. (E) Proportion of benign epithelial subtypes across four sample types. Epithelial subtypes are colored the same as (A).


[image: ] Supplementary Fig. S4. Decoding and validating malignant meta-programs between CCA subtypes. 
(A) NMF analysis of all malignant epithelial cells. The NMF modules are clustered by K-means. (B) Pie chart showing the propotion of four malignant epithlial subtypes between eCCA and iCCA in in-house scRNA-seq cohort. (C) Pie chart showing the propotion of sample types of four malignant epithlial subtypes in in-house scRNA-seq cohort. (D) Pie chart showing the propotion of stages of four malignant epithlial subtypes in in-house scRNA-seq cohort. (E) Subtyping of ICGC-CCA cohort (GSE132305) based on our meta-program scores. H, high; H-M, high-middle; M, middle; M-L, middle-low; L, low; NA, not available. (F) Pie chart showing the propotion of four malignant epithlial subtypes between eCCA and iCCA in ICGC-CCA cohort. (G) Pie chart showing the propotion of sample types of four malignant epithlial subtypes in ICGC-CCA cohort. (H) Pie chart showing the propotion of stages of four malignant epithlial subtypes in ICGC-CCA cohort. (I) Kaplan-Meier curves comparing overall survival between four subtypes of CCA patients in the ICGC-CCA cohort (GSE132305).


[image: ] 
Supplementary Fig. S5. Heatmap showing the high-throughput screening of 175 drugs across 16 CCA patient-derived organoids.


[image: ] Supplementary Fig. S6. Analysis of malignant epithelial cell heterogeneity and identification of eCCA-specific basal-like progenitor populations. 
(A) Inter-tumoral heterogeneity of iCCAs, pCCAs and dCCAs.(B) Intra-tumoral heterogeneity of iCCAs, pCCAs, and dCCAs. (C) UMAP visualization of mEPCs colored by sample types. (D) UMAP visualization of mEPCs colored by patients. (E) Dotplot showing meta-program scores of cluster 7. The p values are obtained from Wilcoxon-test. *, p<0.05; **, p<0.01; ***, p<0.001.
[image: ]
Supplementary Fig. S7. Validation of eCCA-specific basal-like progenitor subpopulations in three external single-cell/single-nuclei RNA-seq cohort. 
(A) Informations of three validation eCCA single-cell/single-nuclei RNA-seq cohorts. (B) UMAP visualization of all cells color by cell types.(C) UMAP visualization of all cells color by cohorts. (D) UMAP visualization of all cells color by patients. (E) Bubble plot showing expression of cell markers. (F) UMAP visualization of epithelial cells colored by Seurat clusters. (G) Dotplot showing expression of basal-like epithelial genes. (H) Comparison of Epi_05 proportions between benign and tumore samples. (I) Pie chart showing the proportion of patients in Epi_05. (J) Violin plot showing IFN-response scores of epithelial clusters. The p values are obtained from Wilcoxon-test. *, p<0.05; **, p<0.01; ***, p<0.001.

[image: ] Supplementary Fig. S8. RNA in situ sequencing of four eCCA patient samples. 
(A) eCCA4, (B) eCCA5 and (C) eCCA6. the left column is IHC. The middle and right columns display the expression of KRT19 (cholangiocytes) and LY6D (basal-like cells), respectively.


[image: ] 
Supplementary Fig. S9. Annotation, functional analysis and cell-cell interaction of mesenchymal subpopulations.
(A) UMAP plot showing the expression of mesenchymal markers. Fibroblasts: COL1A1, LUM, and PDGFRA. Pericytes: PDGFRB, RGS5, and NES. (B) Violin plots showing the expression of mesenchymal markers. (C) Heatmap showing the GSVA analysis of mesenchymal subtypes. (D) UMAP plot showing CytoTRACE scores of mesenchymal cells. (E) Ridge plot displaying CytoTRACE scores for each mesenchymal subcluster. 

[image: ] 
Supplementary Fig. S10. Analysis of myeloid cells and lymphocytes. 
(A) UMAP plots showing markers of monocytes, macrophages and dendritic cells. (B) Bubble plot showing cell-cell interaction of GAS signaling pathways between eCCA mEPC subclusters and Macro_ISG15. (C) Kaplan-Meier curves of overall survival in iCCA patients stratified by Macro_ISG15 signature expression in the ICGC-CCA cohort. (D) Violin plot showing markers of the T, NK and NKT cells. (E) Kaplan-Meier curves of overall survival in iCCA patients stratified by CD8T_ISG15 signature expression in the ICGC-CCA cohort.


[image: ] Supplementary Fig. S11. Validation of mesenchymal and immune niches for basal-like progenitors by three eCCA single-cell/single-nuclei RNA-seq cohort. 
(A) UMAP plot showing subclusters of pericytes. (B) Bubble plot showing the ISG15 and IFN-responsive genes expression in pericytes. (C) UMAP plot showing the co-expression of ISG15 and RGS5. (D) UMAP plot showing subclusters of myeloid cells. (E) Bubble plot showing the ISG15 and IFN-responsive genes expression in myeloid cells. (F) UMAP plot showing the co-expression of ISG15 and CD68. (G) UMAP plot showing subclusters of T/NK. (H) Bubble plot showing the ISG15 and IFN-responsive genes expression in T/NK. (I) UMAP plot showing the co-expression of ISG15 and CD8A.


[image: ]
Supplementary Fig. S12. Spatial analysis using RNA in situ sequencing. (A) Spatial density maps depicting the distribution of ISG15 and LY6D gene expression, alongside the localization of three ISG15⁺ TME subpopulations and LY6D⁺ epithelial cells in eCCA samples. (B) Quantitative analyses of spatial proximity between ISG15⁺ TME subpopulations (Per_ISG15, Macro_ISG15, and CD8T_ISG15) and LY6D⁺ epithelial cells.
[image: ]
Supplementary Fig. S13. ISG15 promoted drug resistance in eCCA cell lines and organoids. 
(A) Dose-response curves showing differential responses to cisplatin, gemcitabine, and 5-FU between vehicle and ISG15 treatment in eCCA cell line QBC-939 and eCCA organoid. (B) Bar chart showing the drug resistance of IFN-responsive eCCA organoid (L338) after ISG15 treatment.
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Supplementary Fig. S12.
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