Supplementary 1：Method
Apriori algorithm

Apriori is the core algorithm in association analysis and its core ideas are as follows：let I = {i1,i2,...,in} be a set of n binary attributes called items and let D = {t1,t2,...,tm} be a set of transactions called the database; each transaction in D has a unique transaction ID and contains a subset of the items in I. A rule is deﬁned as an implication of the form X ⇒ Y, where X,Y ⊆ I and X ∩Y = ∅. The support supp(X) of an itemset X is deﬁned as the proportion of transactions in the data set that contain the itemset. The confidence of a rule is defined as conf(X ⇒ Y ) = supp(X ∪Y )/supp(X). The lift of a rule is defined as lift(X ⇒ Y ) = supp(X ∪Y )/(supp(X)supp(Y )). 
In our study, I is a collection of gene mutation types and D is a collection of individual patients. Based on the above algorithm, we analyzed the association of gene mutations in RRDLBCL patients. Our calculation process is based on the R package arules[footnoteRef:1]. The minimum support for screening frequent itemsets is 0.03 and the minimum confidence is 0.1. At the same time, the lift value of rules is counted. A lift associated with two genes that is < 1 indicates a lack of correlation between the two. [1:  Borgelt C (2004). Finding Association Rules/Hyperedges with the Apriori Algorithm. Working Group Neural Networks and Fuzzy Systems, Otto-von-Guericke-University of Magdeburg, Universit¨atsplatz 2, D-39106 Magdeburg, Germany.] 


Self- and Super-organizing Maps (SOMs) 

SOMs have seen many diverse applications in a broad range of fields, including medicine, biology, chemistry, image analysis, speech recognition, engineering, computer science, and many more. We used the R-based kohonen package to implement this algorithm[footnoteRef:2]. The SOM consists m x n grid of output nodes, which are connected to each input vector. Each output node has the same dimensionality as the input vectors but is initialized with random data. The input data are mapped onto the SOM based on the Euclidian distance between the input vector and the best matching output node. Similar input vectors are then grouped together based on a neighborhood function.  [2:  Wehrens R, Kruisselbrink J (2018). kohonen: Supervised and Unsupervised Self-Organising Maps. R package version 3.0.7, URL https://CRAN.R-project.org/package=kohonen.] 

We apply this algorithm to the selected hot genes, using the lift value (derived by the apriori algorithm) for a major gene mutation (such as SOCS1) as a variable. There are six genes used to provide lift values as variables: SOCS1, STAT6, MYD88, CREBBP, KMT2D, and TP53. The weight planes of the SOM were used to visualize the non-linear relationship between the variables via the color gradients of the z-score color scale. A k-means algorithm was used to create clusters of similar groups of input vectors on the SOM. Supervised mapping, where a dependent variable (categorical or continuous) is available, is implemented in the xyf function of the kohonen package. We applied this supervised algorithm to analyze the ideal degree of clustering (Figure S4). 

Realization and visualization of genetic classification of 92 patients

Based on the analysis of this study, we believe that there may be several combinations in relapsed and refractory diffuse large B-cell lymphoma, which can summarize most of the mutation types: (1) Representatives of STAT6 and SOCS1 may be related to JAK-STAT2 pathway-related mutations, (2) KMT2D, CREBBP, and BCL2 mutations, and (3) MYD88, CD79B, and others, which are a group of mutations showing a strong association with PIM1. We classify observations based on certain rules, and visualization is achieved through the pheatmap package. The specific rules are as follows. 
(1) JAK-STAT type. Including a major SOCS1 or STAT6 mutation, and at least one minor mutation, such as FAT4, B2M, ITPKB, GNA13, and CIITA.
(2) BCL2-KMT2D-CREBBP type. Including at least two major mutations in BCL2, KMT2D,  and CREBBP.
(3) MYD88-PIM1-CD79B type. Including MYD88 and/or CD79B. For PIM1, if there is a situation that meets (1) or (2) at the same time, it will be prioritized into the corresponding category.
In addition, there are the following rules: in case there are only few mutations (< 3 mutations) after dimensionality reduction, according to the gene mutation classification covered by the above types, the mutual exclusion will be randomly classified; for multiple rules at the same, there will be multiple types of mutation (≥3), and this is considered to be a complex type.
