[bookmark: _Hlk94099431]Supplementary Data

An immunity and pyroptosis gene-pair signature predicts overall survival in acute myeloid leukemia
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Supplementary Materials/Subjects and Methods
AML patient cohorts and gene expression data
[bookmark: OLE_LINK111][bookmark: OLE_LINK112][bookmark: OLE_LINK22][bookmark: OLE_LINK23][bookmark: OLE_LINK80][bookmark: OLE_LINK81][bookmark: OLE_LINK78][bookmark: OLE_LINK79]The patient selection process is shown in Supplementary Figure 1. We used only the diagnostic stage samples and data from the AML patients. Patient samples that lacked survival time or survival status were excluded. Among the 5 AML cohorts, GSE376421 was divided into a training set (n=417) and an internal test set (n=136), which were used for initial signature development and testing, respectively, while the other four data sets were used as independent validation sets: TCGA-AML (n=140)2, GSE106291 (n=250)3, BeatAML (n=290)4 and FIMM AML (n=94)5. The TCGA expression, clinical and mutation data were downloaded from the GDC Data Portal (https://portal.gdc.cancer.gov/), and the data of studies (GSE37642 and GSE106291) were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/gds). The clinical, survival, expression and mutation data of patients in the BeatAML cohort were obtained from Tyner et al4. Among these AML cohorts, GSE37642 used microarray platform, and GSE106291, BeatAML and FIMM AML profiled the patients with genome-wide RNA-seq, whereas TCGA AML cohort contained both RNA-seq and microarray data. In the GSE37642 cohort, we used expression data from the HGU-133plus2 array (n=140) and HGU-133A array (n=422), among which 9 patients did not have OS data, hence leading to a total of 553 patients for the analyses. The RNA-seq data of FIMM AML was profiled as described before6. 

[bookmark: OLE_LINK24]Clustering of AML patients in the training set 
[bookmark: OLE_LINK8][bookmark: OLE_LINK3][bookmark: OLE_LINK4][bookmark: OLE_LINK5][bookmark: OLE_LINK6][bookmark: OLE_LINK7]For clustering of the AML samples, we used the expression of genes related both to the pyroptosis and immune process of AML pathophysiology. Based on the previous studies7-9, we extracted 33 genes involved in cell pyroptosis: GPX4, NLRP7, NLRP2, CASP3, CASP6, TNF, IL1B, IL18, CASP8, NLRP6, IL6, GSDMA, GSDMC, PYCARD, CASP5, AIM2, NOD2, NLRC4, NLRP3, CASP4, CASP1, PRKACA, ELANE, TIRAP, SCAF11, PJVK, CASP9, NOD1, PLCG1, NLRP1, GSDME, GSDMD, GSDMB. These 33 genes were subjected to univariate survival analysis in the training AML set (see above), and the expression levels of the 22 genes that distinguished the survival status of patients (p<0.05, Log Rank test) were used to cluster the AML patients in the training set using hierarchical clustering with Euclidean distance. The p-values from univariate survival analysis were adjusted with Benjamini-Hochberg method. The area under the cumulative distribution function (CDF) curve was analyzed visually to find the optimal number k of clusters. The above analyses were carried out using the "limma", "survival", "survminer", and "ConsensusClusterPlus" packages in R. 

[bookmark: OLE_LINK98][bookmark: OLE_LINK99]We additionally clustered the patients by immune-related genes. Based on the Immport database (https://www.immport.org/shared/), we obtained the list of 2483 immune-related genes, and used 1047 genes without missing expression data in the 6 AML data sets. In the end, we obtained 156 immune-related genes that distinguished the survival status of the AML patients in the training data (p<0.05, Log Rank test; Benjamini-Hochberg correction). There were no overlapping genes between the 156 immune-related and 22 pyroptosis-related genes, which ensures the orthogonality of the two cluster analyses, carried out similarly as described above. Through the two cluster analysis solutions, we finally divided the AML patients in the training set into 4 groups: double favorable prognosis group (FF), double unfavorable prognosis group (UU), pyroptosis favorable and immune unfavorable group (FU), pyroptosis unfavorable and immune favorable group (UF) (Supplementary Figure 2).

Pathway analysis of gene signatures
To explore the transcriptomic changes between the FF and UU groups of AML patients, we used gene set variation analysis (GSVA)10 to assess the degree of enrichment of the KEGG pathways. The limma R-package was used to find differentially-enriched pathways, where we further visualized the 20 pathways with statistically significant fold change (FC) difference (|log2FC|>1 and FDR<0.05). The above analyses were carried out additionally using the "GSVA" and "pheatmap" packages in R.
Benchmarking of the prognostic model
The unpaired IPRP signature was constructed based on the 26 genes selected by the first LASSO regression, subjected to multivariate Cox regression, to study the effect of the pairing procedure (Supplementary Figure 2). The unpaired IPRP signature contained 9 genes, of which 5 genes were risk factors and 4 genes were protective factors (Supplementary Table 4). The pyroptosis-only signature was constructed based on the 22 pyroptosis-related genes, subjected to multivariate Cox regression, to study how much the pyroptosis-related genes contribute to the prognostic prediction. Pyroptosis signature contained 6 genes, all of which were protective factors (Supplementary Table 5). The IRG signature is a prognostic model established for immune-related genes in AML patients11. Autophagy and Hypoxia signatures were extracted from AML patients comprising of genes related to autophagy and hypoxia, respectively, and which have shown to have good prognostic value12, 13. CXCR signature comprises of genes of the chemokine receptor family which plays an important role in regulating the differentiation and development of memory cells and effector T cells14. The 24-gene signature was established by collecting multiple AML datasets and signatures before 2013 (note: our training set is among these studies), and the prognostic model was constructed by meta-analysis1. LSC17 and pLSC6 signatures were constructed based on prognostic biomarkers related to stemness in AML15, 16. The 7-gene and PS29MRC signatures were established based on DNA methylation-related genes17 and therapy resistance related genes3, respectively. 

To benchmark our paired IPRP signature, we compared its performance against these 10 signatures in the internal test set and four independent validation sets of AML patients (see section AML patient cohorts and gene expression data above). First, we analyzed the distributions of the risk scores, with the assumption that if the score distributions across different patient cohorts and data sets are similar, we can regard the prognostic model stable in various data types and patient cohorts, hence being robust against batch effects. Then, we further calculated the area under the receiver operating characteristic (AUC-ROC) curve for predicting the overall survival (OS) time of the patients. The 1-, 2-, and 3-year AUC-ROC values were used to evaluate the accuracy of prognostic models. Permutation test with 300 permuted datasets was used to evaluate significance of AUC-ROCs. In the permutation test, the relationship between patient survival and IPRP score was randomly permuted 300 times, and the prognostic prediction was made using the model, resulting in empirical distribution of AUC-ROC values under the null hypothesis (i.e., null distribution). We considered models with a permutation p<0.05 significantly better than a random classifier (AUC-ROC=0.5). For comparison between different signatures, we used non-parametric paired Wilcoxon test.
[bookmark: OLE_LINK21]Establishment of a nomogram for AML patients
[bookmark: OLE_LINK41][bookmark: OLE_LINK42]To explore whether the IPRP signature is an independent or additional risk factor among other molecular and clinical features, we conducted a univariate and multivariate independent prognostic analysis in the BeatAML data set (n=224), which contains various types of molecular and clinical information. The BeatAML cohort was divided into training set (n=152) and test set (n=72). In addition, the TCGA AML cohort (n=139) and FIMM AML cohort (n=94) were also used for validation of the nomogram. The training set was used initially for independent prognostic analysis and to establish a nomogram among the independent risk factors with multivariate Cox regression. The performance of the nomogram was then confirmed in each of the three test sets. 
We used the following criteria for selecting variables in the construction of nomogram: (i) The proportion of missing values across the patients for a particular variable in the BeatAML dataset must be less than 10%. (ii) The proportion of each class of categorical variables must be greater than 3% in the training set. (iii) The variables included into the multivariate Cox regression modelling must be obtained at the diagnosis stage of patients. (iv) The selected variables included into the nomogram must exist also in the TCGA AML and FIMM AML cohorts to enable wider testing.
[bookmark: OLE_LINK43][bookmark: OLE_LINK44][bookmark: OLE_LINK49][bookmark: OLE_LINK60][bookmark: OLE_LINK19][bookmark: OLE_LINK113][bookmark: OLE_LINK25][bookmark: OLE_LINK91][bookmark: OLE_LINK92]To make this nomogram available for other researchers, including those without programming skills, it was deployed on the FIMM server through the "shiny" R package (https://iprp.fimm.fi/). 
[bookmark: OLE_LINK12][bookmark: OLE_LINK13]Gene mutation and immune profile analyses in AML cohorts
[bookmark: OLE_LINK82][bookmark: OLE_LINK89][bookmark: OLE_LINK54][bookmark: OLE_LINK55]The Chi-square test and Wilcoxon test were used to compare the gene mutations and TMB values, respectively, between the IPRP high risk and low risk groups. Spearman rank correlation was used to quantify the association between the TMB levels and IPRP risk scores among the AML patients. The significance of the correlation coefficient was assessed with the Ryser's formula as described before18. The rank correlation analyses were carried out using the spearman R-package. Single-sample Gene Set Enrichment Analysis19 (ssGSEA) was used to calculate the differences in the immune cell contents between the high risk and the low risk groups. ssGSEA is a deconvolution algorithm based on bulk gene expression profiles, which accurately quantifies the content of immune cells in the cancer tissue20. In this process, we used the limma, GSEABase, ggpubr and reshape2 packages in R.

Pan-cancer analysis of overall survival and tumor immunity
Previously, Thorsson et al. established six immune subtypes that affect tumor-immune interactions across cancer types and which are closely related to cancer prognosis21. To compare the result with our IPRP signature, we performed Cox regression of these six immune subtypes in the pan-cancer setting. In addition, we also evaluated the IPRP signature using the AUC-ROC analyses across the 33 different cancers. We used a permutation test to assess whether the ROC-AUC values are significant by performing 300 random permutations of the data.

[bookmark: OLE_LINK137][bookmark: OLE_LINK138]To explore the relationship between IPRP score and tumor microenvironment (TME) in 33 cancers, the ESTIMATE algorithm was used to calculate the TME score for each cancer patient, including StromalScore, ImmuneScore, ESTIMATEScore, and TumorPurity22. StromalScore represents the content of stromal cells in the tissue, ImmuneScore the content of immune cells, ESTIMATEScore the sum of the content of immune cells and stromal cells, and TumorPurity represents the content of tumor cells. By calculating the Pearson correlation coefficient between the IPRP score and the four types of TME scores, we tested how well the IPRP score associates with the immune microenvironment status among the 33 cancers. In addition, we also used the ssGSEA method19 to calculate the Spearman correlation coefficient between the IPRP score and activated T cell content in the pan-cancer analyses. In the above analysis, we used the "limma", "GSEABase" "estimate" and "corrplot" package in R.
Pan-cancer analysis of IPRP score and immunotherapy responses
[bookmark: OLE_LINK114][bookmark: OLE_LINK115][bookmark: OLE_LINK62][bookmark: OLE_LINK65][bookmark: OLE_LINK74][bookmark: OLE_LINK75]To test how well the IPRP score predicts the immunotherapy response in solid tumors, we used five immunotherapy cohorts, namely GSE78220 (melanoma, n=28, anti-PD1)23, GSE67501 (renal cell carcinoma, n=11, anti-PD1)24, the data from Kim et al.25 (gastric cancer, n=45, anti-PD1), the data from Lauss et al.26 (melanoma, n=25, anti-PD1) and IMvigor cohort data (urothelial cancer, n=299, anti-PDL1). The data of GSE78220 and GSDE67501 were downloaded from the GEO database and the data of IMvigor cohort were obtained using the "IMvigor210CoreBiologies" package in R. Using the Wilcoxon test, we tested the relationship between the IPRP score and immunotherapy response in these five patient cohorts. In addition, we also carried out survival analyses based on the IPRP risk groups to explore the prognosis classification of patients after anti-PDL1 and anti-PD1 treatments in the two cohorts, IMvigor and GSE788220, which have complete OS data available. 


Supplementary Results
[bookmark: OLE_LINK95][bookmark: OLE_LINK96]
Evaluation of the influence of batch effects and treatment modalities
To evaluate the sensitivity of IPRP score and other signatures to batch effects, we combined the expression data from the 5 test cohorts, and then made prognostic predictions in the combined test set (Supplementary Figure 7), with or without using the ComBat function to eliminate batch effects27. Before using ComBat, samples from the 5 test sets were grouped according to the cohorts (Supplementary Figure 7A), whereas the ComBat normalized the expression profiles relatively similar across the cohorts (Supplementary Figure 7B). Importantly, regardless whether applying ComBat or not, IPRP score showed accurate predictions across the cohorts (Supplementary Figure 7C), which further indicates that the paired IPRP signature was less influenced by the batch effects from the patient cohorts, when compared to the other signatures. To further explore robustness of the IPRP score across different transcriptomic platforms, we used the paired TCGA-AML microarray and RNA-seq data sets to calculate risk score for each sample using the two technologies. Among the signatures, IPRP score showed the highest correlation (R=0.77, p<0.001, Supplementary Figure 8), which further proves its robustness and wide applicability. 

Finally, we evaluated the accuracy of the IPRP score in AML patients who received different treatment regimens in the BeatAML and FIMM AML cohorts, where detailed patient-level treatment information was available (Supplementary Table 1). We divided the patients into two broad treatment groups according to whether or not the patient received curative and/or prolonging treatment. In the BeatAML cohort, IPRP distinguished the survival differences in both of the treatment groups (p<0.05, log rank test; Supplementary Figure 9 A,B). In the FIMM AML cohort, the survival difference in the other treatment group was not significant, most likely due to the limited number of patients receiving palliative care or unknown treatment type (n=11). Based on the ROC analyses, IPRP score showed consistent prognostic accuracy between the two cohorts (p<0.05, permutation test, Supplementary Figure 10). These results demonstrate that the IPRP score predicts survival differences accurately and robustly for various treatment types and using different transcriptomic platforms.
Pan-cancer analysis of IPRP score and immunotherapy responses
[bookmark: OLE_LINK106][bookmark: OLE_LINK110]To investigate whether the IPRP score could be used as an immunotherapy response predictor in solid tumors, we searched for cohorts with genome-wide gene expression and clinical response information available for patients treated with immunotherapies. We collected 5 such cohorts and found that in the IMvigor cohort, the patients with urothelial cancer who responded to anti-PDL1 therapy showed also a higher IPRP score (adjusted p=0.048, Wilcoxon test and Benjamini-Hochberg method for multiple testing correction; Supplementary Figure 19A). Since only IMvigor and GSE78220 cohorts contained complete OS data, we carried out survival analysis in these two groups, where it was observed that the IPRP risk groups were associated with the survival differences in both of these two cohorts (adjusted p<0.05, Log Rank test; Supplementary Figure 20A, B). As expected, patients in the high risk group showed better survival status, which indicates that these patients were more likely to respond to the immunotherapy. In the other immunotherapy cohorts, we observed varied results (Supplementary Figure 19B-E), which is likely due to relatively small sample sizes of the treated cohorts, as well as because of the complex interplay between the cancer types and immunotherapy modalities. 
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