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SUPPLEMENTAL METHODS
Scoring of immunohistochemistry
To quantify immunohistochemistry, we established a scoring system accessing the tumor infiltration for each organ (see below). All samples were then scored by an experienced hematopathologist (Leticia Quintanilla-Martinez), accordingly. 
Spleen:
Score 1: Preserved white pulp and beginning of infiltration in the red pulp. 
Score 2: Decreased white pulp and increase in red pulp infiltration. 
Score 3: Loss of white pulp and complete red pulp infiltration.
Liver: 
Score 1: Isolated positive cells.
Score 2: Intrasinusoidal infiltration or few portal small groups of lymphoid cells.
Score 3: Intrasinusoidal and portal infiltration with large groups of lymphoid cells.
Bone marrow:
Score 1: Isolated positive cells.
Score 2: Interstitial infiltration or few small groups of lymphoid cells.
Score 3: Interstitial infiltration and large groups of lymphoid cells.

RNA sequencing
Eµ-Myc and Eµ-Myc;CXCR4C1013G samples: Briefly RNA sequencing of Eµ-Myc, Eµ-Myc;CXCR4C1013G was performed on a NextSeq 500 (Illumina, San Diego, CA) as described by Parekh, Ziegenhein et al. and using the adjusted protocol as described previously by Scherger, Al-Maarri et al. (1, 2).

Differential gene expression analysis
Genome-wide differential gene expression analysis for RNA-Seq count data was carried out using a negative binomial generalized linear model (GLM) as implemented in the DESeq2 R package (3)(4) to test for differentially expressed genes between experimental conditions. For dispersion estimation we considered genotype and organ site as covariates. For individual comparisons a false discovery rate (FDR) < 0.1 was considered significant. Select differentially 
expressed genes were illustrated in a heatmap after rescaling to have a minimum of -1 and a maximum of  +1 using the pheatmap  R package (5).  

[bookmark: _m5gt2eqtnei2]Gene Set Enrichment Analysis
Gene set enrichment analysis (GSEA) was carried out on individual differential gene expression signatures between two conditions using the fgsea (6) R package and using Wald statistics from the aforementioned GLM as gene-level statistics. Gene sets were retrieved from the MSigDb v7.3 (7, 8) Enrichment results for select pathways were illustrated using custom R code. 

Derivation and application of CXCR4 associated gene signatures
First we carried out differential gene expression (DEG) analysis on WT, CXCR4C1013G, Eµ-TCL1 and Eµ-TCL1;CXCR4C1013G B cells as described. Next, we applied the following thresholds to the DEG results: baseMean > 50, absolute log2 fold change > 0.5 and adjusted p-value < 0.05. The remaining genes were ordered by their absolute Wald test statistic for up- (i.e. induced by CXCR4 activation) and downregulated (i.e. repressed by CXCR4 activation) genes, respectively, to represent the CXCR4 activation signature (Supplemental Table T2). Its enrichment on gene expression signatures derived from comparing other experimental conditions was computed using analytic rank-based enrichment analysis (aREA) (9) as implemented in the viper (10) R package considering both tails of the CXCR4a activation signature. Similarly, we applied differentially expressed genes between Richter transformed lymphocytes and peripheral blood chronic lymphocytic leukemia (11) to gene expression signatures derived from our experimental conditions. 

Application of upregulated genes from CXCR4 associated gene signatures to a data set of CLL patients 
Simple sample gene set enrichment analysis (ssGSEA) using GSVA R/Bioconductor package (12) was performed on a previously published RNA sequencing dataset derived from a cohort of 210 CLL patients (13). For each patient sample, an enrichment score was calculated based on the upregulated genes from our CXCR4a (CXCR4C1013G vs. WT) and Eµ-TCL1;CXCR4C1013G vs. Eµ-TCL1 signature and patients were dichotomized into two equally sized groups of high and low enrichment along the median. Groups were compared regarding their overall survival and time to treatment using log-rank test and the difference was visualized by Kaplan-Meier plots. 

Overlapping DEGs with known datasets of oncogenes
DEGs, as described above, of 6 week old Eµ-TCL1 and Eµ-TCL1;CXCR4C1013G were generated and pre-selected for protein coding genes with exclusion of Riken-cDNA genes using the MGI database. (14). We then overlapped the DEGs with the Cancer Gene Census dataset (15) of known cancer oncogenes and two data sets of published B cell oncogenes (16, 17).

Clonality Analysis from transcriptomic data
Transcriptomic data generated from RNA-Sequencing of CD19+ B cells from 6 week old mice was used to profile V(D)J rearrangement using MiXCR and VDJtools as previously published (18, 19). Briefly, adapters were trimmed using Trim Galore (RRID:SCR_011847). Subsequently the paired-end set of reads were loaded into the MiXCR analysis pipeline (shotgun analysis) using a built-in mouse library (19). Finally, clonotype results from MiXCR were analyzed and visualized using VDJtools.
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