Supplementary Appendix S1 
Alternative methods to conventional deconvolutional algorithms
An advantage of training a multi-class classification model (elastic-net) on reference profiles was that the model returned vectors of predicted class probabilities of each cell type in the mixture sample. These predicted class probabilities can serve as alternative estimates of cell type proportions. First, we preselected the top 300 CpGs using glmnetpreselect. Second, we trained a multi-class elastic net model on the reference profiles and applied the fitted model to mixture profiles of interest to obtain the predicted class probabilities of each cell types. We referred to this method as multiclassENprediction, which yielded an accurate prediction of the 48 pure cfDNA samples in BenchmarkData 2 (Supplementary Table S1). Compared to the results using different deconvolution algorithms and CpG selection strategies (Figure 1 of the main text), using the predicted class probabilities as estimates of cell type proportion exhibited slight reduction in accuracy, however the overall correlation coefficients between the estimated and true cell proportions remained high. Specifically, the average of spearman correlation coefficients within each sample was 0.906, whereas the average spearman correlation coefficients within each cell type were 0.944 for B-cell, 0.400 for CD4T, 0.977 for CD8T, 0.961 for monocytes, 1.000 for neutrophils and 0.938 for NK, respectively.
Another approach which accounted for cellular heterogeneity in gene expression data was the gene signature-based or enrichment-score based methods such as ESTIMATE [1], xCell [2] and MCP-counter [3]. One limitation of the enrichment-score based methods was that they only provided inter-sample comparisons and did not generate the relative cell type proportions. In this paper, we adapted xCell and MCP-counter algorithms which were originally developed for gene expression to the methylation data in our study. Specifically, we selected the top 100 hypermethylated signatures for each cell type by performing one-versus-all t-test on the methylation reference profiles. We then calculated the enrichment score with ssGSEA [4] or generate the abundance score by taking the average of methylation values of the selected signatures for each sample. The spearman correlation coefficients between the enrichment scores and the true proportions of BenchmarkData1 dataset indicated that signature-based methods showed comparable results to RPC, CBS and MethylResolver, except for CD4T and monocytes estimation using MCP-counter and ssGSEA, respectively, where the accuracy was lower (Supplementary Table S2).

Supplementary Appendix S2 
The simulations consisted of several steps: (1) simulating the non-immune cell proportion from uniform distribution over one of the five intervals, while the six immune cell proportions were generated from Dirichlet (1,1,1,1,1,1) after subtracting the non-immune cell proportion; (2) performing the simulation in step (1) 30 times to obtain 30 different sets of proportions over all cell types; (3) for each cell type, sampling from beta or Gaussian distribution with estimated parameters (the parameter estimation procedures were provided below) 20 times to generate 20 sets of different purified profiles; (4) generating 600 simulated mixture profiles by pairing each of the 20 purified datasets (step (3)) with each of the 30 sets of sampled proportions (steps (1) and (2)).
In beta mixture sampling, we estimated the parameters of beta distribution for each CpG in each cell type using the cell type specific average reference profiles (i.e., purified profiles) across the replicates. The parameters of the beta distribution  were estimated using methods of moments in terms of the sample mean and variance  of each CpG, i.e., . In Gaussian mixture sampling, we first performed a logit transformation of the reference profiles and estimated the parameters using the sample mean and variance of each CpG in each cell type. The simulated profiles were subsequently multiplied by the simulated proportions to generate the mixtures. For Gaussian mixtures, we further back transformed the simulated datasets to Beta values using the sigmoid functions.
Supplementary Appendix S3 
To further evaluate the performance of the extended reference library, we performed the deconvolution on the 48 cfDNA samples in BenchmarkData2. For each of these 48 samples, we assigned the cell type with highest estimated proportions from deconvolution. The prediction accuracies were high (> 0.792) with only a small number of cfDNA samples misclassified as epithelial cells or neutrophils (Supplementary Table S1). Additionally, the CpG selection methods that incorporated multi-class elastic net model outperformed other feature selection methods, whereas the Houseman algorithm had lower accuracy compared to other deconvolution algorithms.

Supplementary Appendix S4 
We evaluated whether extending the reference library can significantly improve the estimation of immune cell proportions when the mixture profiles contained non-immune cell components. The simulations included the beta mixture sampling and Gaussian mixture sampling (described in Supplementary Appendix S2) over different ranges of non-immune cell proportions, namely 0, 0.1-0.2, 0.2-0.5, 0.5-0.8, 0.8-0.9; rare cell type setting 0.01, 0.03, 0.05, 0.07, 0.1; and very rare cell type setting 0.001, 0.003, 0.005, 0.007, 0.01. We considered scenarios which added the epithelial cells for both the beta mixture and Gaussian mixture sampling and applied the deconvolution algorithms using EPIC reference library and the extended EPIC + Epithelial reference library (Supplementary Figures S8-S13). Note that when we applied the deconvolution algorithms using EPIC reference library, i.e., ignoring the presence of non-immune cell proportions in the deconvolution; this is akin to scenarios where there is unknown content of cell mixtures. When the non-immune cell proportions were low, the deconvolution results from reference-based methods yielded estimated immune cell proportions that were highly correlated to the true immune cell proportions for both EPIC reference library and the extended EPIC + Epithelial reference library. However, the two reference-free algorithms (i.e., RefFreeEWAS and TOAST-csDeconv) had poorer performance than the reference-based methods. As the proportions of non-immune cells increased, the correlation coefficients decreased using deconvolution with EPIC reference library. The estimation of immune cell proportions was robust and accurate using the extended EPIC + Epithelial reference library. Specifically, when the mixture samples contained low immune cells (i.e., non-immune proportions between 0.8 and 0.9), deconvolutions using extended reference library yielded estimated immune cell proportions that maintained a high correlation coefficient of 0.8 with the true immune cell proportions (Supplementary Figures S8, S11). 
Among the reference-based deconvolution algorithms, MethylResolver showed the best performance when the proportion of non-immune cells were high (Supplementary Figures S8, S11), which is consistent with prior results that MethylResolver was robust to unknown content of cell mixtures [5]. On the other hand, RPC was computationally more efficient and showed comparable deconvolution performance to MethylResolver, whereas Houseman’s algorithm had lower average correlation coefficient in Gaussian mixture simulations compared to other reference-based methods (Supplementary Figure S11).
Next, we evaluated the accuracy of the estimated cell proportions by cell type (i.e., within-cell-type comparison). The estimated proportions of epithelial using EPIC + Epithelial extended reference library were robust to the varying degrees of true proportions of epithelial (Supplementary Figures S14-S19). Additionally, the estimated proportions of the six immune cell types using EPIC + Epithelial extended reference library were also in general robust, except for the scenario where the non-immune cell proportions were high (i.e. 0.8-0.9), the estimated proportions of CD4T, CD8T, and neutrophils had lower accuracy. For deconvolution performed using EPIC reference library, the estimated proportions were highly correlated to the true proportions when the non-immune cell proportions were lower than 0.5. However, the estimated proportions of CD4T, CD8T, monocytes and neutrophils had poor accuracy when the non-immune cell proportion was high (0.8-0.9) among the reference-based methods. 
Overall, deconvolution using EPIC + Epithelial reference library yielded robust and accurate estimated cell proportions in both within-sample comparisons and within-cell-type comparisons. The within-cell type comparisons for epithelial cells were robust to varying non-immune proportions. This could be explained by the larger variability of epithelial compared to other cell types (Supplementary Figure S20). However, when the mixture contained high proportion (0.8-0.9) of non-immune cells, the deconvolution was less reliable for CD4T, CD8T, monocytes and neutrophils. 
Next we evaluated the accuracy of the deconvolution algorithms in estimating the proportion of rare cell type (Figure S21). Specifically, we compared the estimated to the true proportions of epithelial in rare epithelial setting, i.e, 0.01-0.1 and very rare epithelial setting, i.e., 0.001-0.01. Overall, the reference-based methods were able to estimate the proportion of epithelial accurately in beta mixture simulation. However, in very rare epithelial Gaussian mixture simulation setting, Houseman and ARIC had lower correlation. The reference-free methods had poor performance in estimating rare cell type proportions in the simulation studies.  
There were 6 matched 450k and EPIC methylation arrays samples in both blood and saliva (GEO accession number GSE111165). For the EPIC methylation arrays, we performed the deconvolution using both original FlowSorted.Blood.EPIC reference library  (i.e., only including immune cell types) and the extended reference library (i.e., adding epithelial). On the other hand, the reference library for 450k array, FlowSorted.Blood.450k only had 6 immune cell types. Purified epithelial cells profiled on 450k array was not available. We compared the estimated proportions on the EPIC array to the estimated proportions of the 450k array matching samples via within-sample Spearman correlation coefficients (Supplementary Figures S22-S23). 
In blood and saliva tissue, the estimated proportions of EPIC array samples using EPIC reference library were highly correlated with the estimated proportions of matched 450k array samples using 450k reference library (Supplementary Figure S23A, Supplementary Figure S23A). The estimated proportions on EPIC array samples using EPIC + epithelial reference library showed a slight reduction in the correlation coefficients (Figure S22B) in blood tissue. However, in saliva tissue, the estimated proportions of EPIC array samples using EPIC + Epithelial had much lower correlation coefficients with the estimated proportions of matched 450k array samples using 450k reference library (Supplementary Figure S23B). These results indicated that in blood tissue, the deconvolutions were similar regardless of whether the reference library contained epithelial cells or not. However, in saliva tissue, adding epithelial cells to reference library had significant effect on the deconvolutions. These provided another justification for the necessity of adding epithelial cells to the reference library when the deconvolution was performed on non-blood tissues or tissues with high non-immune cell proportions. 

Supplementary Appendix S5
We evaluated the stability of the deconvolution in BenchmarkData1 dataset by varying the sample size of reference/purified cells. We randomly selected 5 samples per cell type (6 immune cell types and epithelial) in the extended EPIC + epithelial reference library and repeated the process 10 times. Among the 10 repetitions of randomly selected 5 samples per cell type, there were 367 common CpGs (out of 700 CpGs) using oneVsAllttest CpG selection method and 721 common CpGs (out of ~1100 CpGs) using glmnetpreselect CpG selection method. Across these 10 repetitions, the performance of the different deconvolution algorithms was consistent and maintained a high correlation between the estimated and true proportions (Supplementary Table S3), indicating that the deconvolution algorithms and CpG selection methods were robust and stable.

Supplementary Appendix S6
In recent years, deep learning is gaining popularity in scientific computing for accurate prediction and classification of massive data sets.  Most of the deep learning algorithms are based on feed-forward multilayer neural networks [6]. To illustrate the utility of deep learning in cell specific CpG selection, we used the algorithm proposed by Wotjas et al. [7], which was based on a dual-net architecture of operator and selector for selecting an optimal subset of CpGs and ranking the importance of these CpGs. Specifically, the operator net was trained for supervised learning task (i.e., classification of the cell type labels in our study) and the selector net identified the optimal subset of CpGs based on the feedback of operator net. We adopted dense feed-forward neural net structure of 6030206 (7) and 10050101 for operator net and selector net, respectively. Since our pairwiseGlmnet method for the extended reference library (including epithelial cells) retained 39,669 CpGs, we initialized with these CpGs and chose the most important 1,000 CpGs with the deep learning method (dual-net) as final cell specific CpGs (we denoted this approach pairwiseGlmnet+DualNet). We compared the CpGs selected with oneVsAllttest (700 CpGs), oneVsAllLimma (700 CpGs) and glmnetpreselect (1,000 CpGs) in the Venn diagram and their within-sample spearman correlations on the BenchmarkData1. Overall, the subset of cell specific CpGs selected by pairwiseGlmnet+DualNet had lower overlap with oneVsAllttest, oneVsAllLimma and glmnetpreselect (Supplementary Figure S24A). The reference-based deconvolution algorithms applied to the CpGs selected by pairwiseGlmnet+DualNet achieved comparable results to the CpGs selected by oneVsAllttest and oneVsAllLimma with average Spearman correlation coefficients > 0.9 (Supplementary Figure S24B). However, the dual-net deep network algorithm incurred a much longer computational time.








Supplementary Figure Legends
Supplementary Figure S1. Average Spearman correlation coefficients, along with the standard deviation error bars between estimated and true proportions within each of the 12 samples in BenchmarkData1 based on oneVsAllttest method for selecting top 50, 100, 150, 200 CpGs per cell type using the FlowSorted.Blood.EPIC reference library across different deconvolution algorithms.

Supplementary Figure S2. tSNE of reference profiles (6 immune cell types plus epithelial and cfDNA) using all CpGs.

Supplementary Figure S3. tSNE of reference profiles (6 immune cell types plus epithelial and cfDNA) using 1,106 CpGs selected from oneVsAllttest method.

Supplementary Figure S4. Heatmap of reference profiles (6 immune cell types plus epithelial and cfDNA) using 1,106 CpGs selected from oneVsAllttest method.

Supplementary Figure S5. tSNE of reference profiles (6 immune cell types plus epithelial) using all CpGs.

Supplementary Figure S6. tSNE of reference profiles (6 immune cell types plus epithelial) using 1,048 CpGs selected from oneVsAllttest method.

Supplementary Figure S7. Heatmap of reference profiles (6 immune cell types plus epithelial) using 1,048 CpGs selected from oneVsAllttest method.

Supplementary Figure S8. Within sample comparison for beta mixture sampling. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from beta mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0, [0.1,0.2], [0.2,0.5], [0.5-0.8] and [0.8-0.9]. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S9. Within sample comparison for beta mixture sampling and rare epithelial setting. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from beta mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0.01, 0.03, 0.05, 0.07 and 0.1, representing rare cell type. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S10. Within sample comparison for beta mixture sampling and very rare epithelial setting. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from beta mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0.001, 0.003, 0.005, 0.007 and 0.01, representing very rare cell type. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S11. Within sample comparison for Gaussian mixture sampling. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0, [0.1,0.2], [0.2,0.5], [0.5-0.8] and [0.8-0.9]. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S12. Within sample comparison for Gaussian mixture sampling and rare epithelial setting. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0.01, 0.03, 0.05, 0.07 and 0.1, representing rare cell type. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S13. Within sample comparison for Gaussian mixture sampling and very rare epithelial setting. A. Average Spearman correlation coefficients, B, Average RMSE, C. Average sMAPE, along with the standard deviation error bars between estimated and true proportions within each of 600 simulated sample across cell types from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial cells) were sampled from the following ranges, 0.001, 0.003, 0.005, 0.007 and 0.01, representing very rare cell type. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S14. Within cell type comparison for beta mixture sampling. A. Spearman correlation coefficients, B. RMSE, C. sMAPE between estimated and true proportions within each cell type across 600 simulated samples from beta mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0, [0.1,0.2], [0.2,0.5], [0.5-0.8] and [0.8-0.9]. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S15. Within cell type comparison for beta mixture sampling and rare epithelial setting. A. Spearman correlation coefficients, B. RMSE, C.sMAPE between estimated and true proportions within each cell type across 600 simulated samples from beta mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0.01, 0.03, 0.05, 0.07, 0.1. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S16. Within cell type comparison for beta mixture sampling and very rare epithelial setting. A. Spearman correlation coefficients, B. RMSE, C.sMAPE between estimated and true proportions within each cell type across 600 simulated samples from beta mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0.001, 0.003, 0.005, 0.007, 0.01. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and Extended reference library (6 immune cell types plus epithelial, bottom panel). 


Supplementary Figure S17. Within cell type comparison for Gaussian mixture sampling. A. Spearman correlation coefficients, B. RMSE, C.sMAPE between estimated and true proportions within each cell type across 600 simulated samples from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0, [0.1,0.2], [0.2,0.5], [0.5-0.8] and [0.8-0.9]. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and B. Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S18. Within cell type comparison for Gaussian mixture sampling and rare epithelial setting. A. Spearman correlation coefficients, B. RMSE, C.sMAPE between estimated and true proportions within each cell type across 600 simulated samples from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0.01, 0.03, 0.05, 0.07 and 0.1. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and B. Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S19. Within cell type comparison for Gaussian mixture sampling and very rare epithelial setting. A. Spearman correlation coefficients, B. RMSE, C.sMAPE between estimated and true proportions within each cell type across 600 simulated samples from Gaussian mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, labelled a-e, representing 0.001, 0.003, 0.005, 0.007 and 0.01. Within each figure, the deconvolutions were performed using CpGs selected from oneVsAllttest method across different deconvolution algorithms, based on EPIC reference library (6 immune cell types, top panel) and B. Extended reference library (6 immune cell types plus epithelial, bottom panel). 

Supplementary Figure S20.  Histogram of coefficient of variations for cell specific reference/purified profiles.

Supplementary Figure S21. Comparison of the estimated epithelial cell proportions in rare and very rare proportion settings. A. Spearman correlation coefficients, B. RMSE, C. sMAPE between estimated and true proportions of epithelial across 600 simulated samples from beta and Gaussian mixture sampling. The true proportions of non-immune cells (epithelial) were sampled from the following ranges, 0.01, 0.03, 0.05, 0.07 and 0.1 in rare setting (denoted Epithelial:0.01−0.1 in the plot); 0.001, 0.003, 0.005, 0.007 and 0.01 in very rare setting (denoted Epithelial:0.001−0.01 in the plot). 


Supplementary Figure S22. Average Spearman correlation coefficients, along with the standard deviation error bars between estimated proportions of the 6 EPIC arrays and their matching 450k arrays in blood tissue. A. The deconvolution of EPIC array samples were performed using A. the original reference library of only immune cell types (FlowSorted.Blood.EPIC), B. the extended reference library by adding the epithelial cells. In both plots the deconvolution of 450k array samples were performed using the reference library of only immune cell types (FlowSorted.Blood.450k). Without loss of generality, we included reference-based deconvolution algorithms implemented in R.

Supplementary Figure S23. Average Spearman correlation coefficients, along with the standard deviation error bars between estimated proportions of the 6 EPIC arrays and their matching 450k arrays in saliva tissue. A. The deconvolution of EPIC array samples were performed using A. the original reference library of only immune cell types (FlowSorted.Blood.EPIC), B. the extended reference library by adding the epithelial cells. In both plots the deconvolution of 450k array samples were performed using the reference library of only immune cell types (FlowSorted.Blood.450k). Without loss of generality, we included reference-based deconvolution algorithms implemented in R.

Supplementary Figure S24. A. Venn diagram comparing the CpGs selected by oneVsAllttest, oneVsAllLimma, glmnetpreselect and pairwiseGlmnet + DualNet on the Extended reference library (6 immune cell types plus epithelial). B. Average Spearman correlation coefficients, along with the standard deviation error bars between estimated and true proportions within each of the 12 samples in BenchmarkData1 for different CpG selection and reference-based deconvolution algorithms implemented in R using the extended reference library (6 immune cell types plus epithelial). 

Supplementary Table Legends

Supplementary Table S1. The deconvolution performance on 48 purified cfDNA samples in BenchmarkData2 using different combinations of deconvolution algorithms and CpG selection methods. The reference library used was the extended EPIC reference library (6 immune cell types plus epithelial and cfDNA). The predicted cell type for each of the 48 samples were the cell type corresponding to highest estimated proportion. The accuracy was defined as the percentage of samples that were correctly predicted as cfDNA. Without loss of generality, we included reference-based deconvolution algorithms implemented in R.

	CpG selection
	Deconvolution algorithm
	Predicted as cfDNA
	Predicted as
epithelial
	Predicted as
neutrophils
	Accuracy


	oneVsAllttest
	Houseman
	40
	7
	1
	0.833

	oneVsAllttest
	RPC
	47
	1
	0
	0.979

	oneVsAllttest
	CBS
	45
	2
	1
	0.938

	oneVsAllLimma
	Houseman
	39
	8
	1
	0.813

	oneVsAllLimma
	RPC
	47
	1
	0
	0.979

	oneVsAllLimma
	CBS
	45
	2
	1
	0.938

	pairwiseLimma
	Houseman
	38
	9
	1
	0.792

	pairwiseLimma
	RPC
	46
	2
	0
	0.958

	pairwiseLimma
	CBS
	45
	3
	0
	0.938

	multiGlmnet
	Houseman
	39
	9
	0
	0.813

	multiGlmnet
	RPC
	48
	0
	0
	1

	multiGlmnet
	CBS
	48
	0
	0
	1

	glmnetpreselect
	Houseman
	38
	9
	1
	0.792

	glmnetpreselect
	RPC
	48
	0
	0
	1

	glmnetpreselect
	CBS
	47
	1
	0
	0.979

	multiclassENprediction
	48
	0
	0
	1




Supplementary Table S2. Spearman correlation coefficients between the estimated proportions or scores using MCP-counter and ssGSEA to the true proportions within each cell type (BenchmarkData1) based on signatures selected from either 450k reference library or EPIC reference library.
	Method
	MCP-counter + EPIC reference
	MCP-counter + 450k reference
	ssGSEA + EPIC reference
	ssGSEA + 450k reference

	Bcell
	0.989
	0.996
	0.989
	0.968

	CD4T
	0.544
	0.544
	0.937
	0.926

	CD8T
	0.963
	0.977
	0.991
	0.991

	Mono
	0.930
	0.884
	0.585
	0.475

	Neu
	1.000
	1.000
	1.000
	0.979

	NK
	0.917
	0.956
	0.963
	0.984







Supplementary Table S3. Spearman correlation coefficients between the estimated and true proportions in BenchmarkData1 dataset. The reference library consisted of 5 randomly selected samples per cell type in the extended reference library (EPIC + Epithelial). The stability analysis was repeated 10 iterations and each iteration corresponded a column in the table. Without loss of generality, we included reference-based deconvolution algorithms implemented in R.
	oneVsAllttest
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Houseman
	0.949
	0.959
	0.964
	0.959
	0.964
	0.959
	0.964
	0.959
	0.959
	0.918

	RPC
	0.964
	0.974
	0.959
	0.974
	0.959
	0.969
	0.959
	0.959
	0.954
	0.923

	CBS
	0.969
	0.964
	0.940
	0.964
	0.940
	0.969
	0.959
	0.964
	0.959
	0.923



	glmnetpreselect
	1
	2
	3
	4
	5
	6
	7
	8
	9
	10

	Houseman
	0.925
	0.940
	0.913
	0.920
	0.904
	0.928
	0.891
	0.913
	0.892
	0.887

	RPC
	0.916
	0.928
	0.909
	0.916
	0.904
	0.923
	0.887
	0.928
	0.901
	0.873

	CBS
	0.943
	0.943
	0.928
	0.938
	0.909
	0.940
	0.907
	0.938
	0.897
	0.904



Supplementary Table S4. List of significant KEGG and GO gene sets at FDR < 0.05 based on the CpGs selected using (a) oneVsAllttest, (b) glmnetpreselect, (c) overlapping CpGs selected from EPIC and Extended reference library, respectively.

Supplementary Table S5. List of significant KEGG and GO gene sets at FDR < 0.05 using the ranked list of DMCs comparing pre- and post-radiation plus chemotherapy treatment from model which adjusted for cellular composition in the breast cancer DNA methylation study.

Supplementary Table S6. List of significant KEGG and GO gene sets at FDR < 0.05 using the ranked list of DMCs comparing MPNST and desmoplastic melanoma within each cell type in the breast cancer DNA methylation study.

Supplementary Table S7. List of significant KEGG and GO gene sets at FDR < 0.05 using the common DMCs comparing MPNST and desmoplastic melanoma from models which adjusted for cellular composition and tumor purity, respectively, in the melanoma DNA methylation study.
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