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Supplementary note 1: on Bayesian information criteria (BIC) for mutational signature analysis 
 
A few concerns may arise when applying BIC as a model selection method for mutational signature 
analysis. First, counting the number of parameters for BIC would be tricking. The number of parameters 
for BIC is derived from the Laplace approximation to approximate the posterior probability of a model, 
which tacitly assumes the parameters follow a multivariate normal distribution. However, this distribution 
would not be applicable to mutational signature analysis, since the parameters corresponding to signature 
contributions and profiles are defined to be non-negative and frequently estimated to be zero. Hence, the 
multivariate normal distribution would not approximate the distribution of parameters of signature 
contributions and profiles well. Consequently, the specification of number of parameters for BIC is not 
straightforward for mutational signature analysis. Second, the model selection consistency property1 of 
BIC, which is enjoyed by supervised learning (e.g., regression and classification where the number of 
parameters is fixed), does not hold for mutational signature analysis as a type of unsupervised learning, 
for which the number of parameters increases with sample size2. For these reasons, it’s unclear if BIC is 
applicable to model selection for mutational signature analysis without major modifications. 
 
Supplementary note 2:  on equivalence between multiplicative update algorithm of NMF and 
exception/conditional maximization (ECM) algorithm for a Poisson NMF model 
 
Based on a NMF Poisson model for 𝑣!" with 𝐸#𝑣!"$ = ∑ 𝑤!#ℎ#"$

#%& , 𝑣!" can be regarded as the sum of 
independent latent variables 𝑧#,!"’s, for which 𝑧#,!" follows a Poisson distribution with mean 𝐸#𝑧#,!"$ =
𝑤!#ℎ#". Hence, it is natural to consider an EM-type algorithm to estimate the latent variables3.  
 
To derive the EM-type algorithm, we note that the complete data log-likelihood is ∑ ∑ *−𝑤!#ℎ#" +$

#%&!,"

𝑧#,!" log#𝑤!#ℎ#"$ − log#𝑧#,!"!$1; the conditional distribution of 𝑧#,!" given 𝑣!" and the parameters 𝐖𝒕 
and 𝐇𝒕 of the previous step 𝑡 is the multinomial distribution with the success probability 
𝑤!#ℎ#"/∑ 𝑤!#ℎ#"$

#%& . Therefore, the E-step evaluates the following quantity 
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Next, since it is computationally infeasible to maximize 𝑄(𝐖,𝐇|𝐖𝒕, 𝐇𝒕) with respect to 𝐖 and 𝐇 
simultaneously in the M-step, we replace the M-step with two conditional maximization steps. That is, we 
find a maximizer 𝐖𝒕*𝟏 of 𝑄(𝐖,𝐇𝒕|𝐖𝒕, 𝐇𝒕) and 𝐇𝒕*𝟏 of 𝑄#𝐖𝒕*𝟏, 𝐇@𝐖𝒕, 𝐇𝒕$ sequentially. Specifically, 
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Similarly, we obtain  
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Notably, these EM steps coincide with the multiplicate update algorithm4. 
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Supplementary note 3:  expectation/conditional maximization (ECM) algorithm 
 
We outline below the full steps for SUITOR. We denote [𝑚𝑖𝑛𝑅,𝑚𝑎𝑥𝑅] as the range of number of 
signatures to be examined, and ∘ the dot product. We try 𝐼 random initial 𝐖𝟎 and 𝐇𝟎 to mitigate the 
possibility that the ECM algorithm will converge to local saddle points.  
 
ECM algorithm  Full steps for SUITOR 

Divide index matrix 𝒮 into 𝐾 disjoint sets 𝒮&, ⋯ , 𝒮1 
for 𝑟 = 𝑚𝑖𝑛𝑅 to 𝑚𝑎𝑥𝑅 do  

for 𝑘 = 1 to 𝐾 do  
Reserve validation set: 𝐕23 = *𝑣!"|(𝑛, 𝑝) ∈ 𝒮21 
Choose initial values 𝐌2

4 as medians of available mutation counts in the same row of 𝐕25 
for 𝑖 = 1 to 𝐼 

set initial 𝐖𝟎 and 𝐇𝟎 from a NMF algorithm for (𝐕25 , 𝐌2
4) with rank 𝑟 and seed 𝑖  

iterate with respect to 𝑡: 
E-step: given 𝐖𝒕 and 𝐇𝒕, update elements of 𝐌2

)  with 𝐖𝒕𝐇𝒕 for (𝑛, 𝑝) ∈ 𝒮2 
CM1-step: update parameters 𝐖𝒕*𝟏 via 

𝐖𝒕*𝟏 ← 𝐖𝒕 ∘
𝑽𝒌

𝐖𝒕𝐇𝒕 (𝐇𝒕)5

𝟏𝑵×𝟗𝟔(𝐇𝒕)5 	
 

CM2-step: update parameters 𝐇𝒕*𝟏 via 

𝐇𝒕*𝟏 ← 𝐇𝒕 ∘
(𝐖𝒕*𝟏)5 𝑽𝒌

𝐖𝒕*𝟏𝐇𝒕

(𝐖𝒕*𝟏)5 	𝟏𝑵×𝟗𝟔
 

until Y
;<=>?@A𝐕25 , 𝐌2

)*&B𝐖)*&𝐇)*&CDE;<=>?@A𝐕25 , 𝐌2
) B𝐖)𝐇)CD

;<=>?@A𝐕25 , 𝐌2
) B𝐖)𝐇)CD

Y < ϵ or iteration exceeds max.iter 

Record the training error 𝑇𝑅$,2,F = −log*Pr#𝐕25@𝐖_𝐇_$1 and  
the validation error 𝐸𝑅𝑅$,2,F = −log*Pr#𝐕23@𝑴_ 2$1 

end for 
Find 𝑖$,2∗ = argmax

&HFHI
𝑇𝑅$,2,F and save 𝐸𝑅𝑅$,2,F∗ 

end for 
Define cross validation error 𝐸𝑅𝑅!,# = ∑ 𝐸𝑅𝑅𝑟,𝑘,𝑖∗𝑘  

end for 
find 𝑟∗ = argmax

&H$HM
𝐸𝑅𝑅𝑟,𝑘 
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