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FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

Adapted from Hamady. et al., Nature Methods, 2008

Sample Collection  
and Storage

DNA Extraction 
PCR Amplification Sequencing

  Species 1	 Species 2	 Species 3	 Species 4	 Species 5	 Species 6	 Species 7	 Species 8	 Species 9	 Species 10	
Sample 1	 23	 53	 2	 44	 10	 88	 94	 66	 73	 67	
Sample 2	 69	 64	 70	 47	 8	 97	 47	 6	 64	 19	
Sample 3	 33	 100	 68	 78	 59	 87	 71	 31	 67	 24	
Sample 4	 5	 63	 57	 27	 86	 81	 83	 92	 46	 62	
Sample 5	 76	 80	 46	 70	 92	 92	 6	 46	 37	 68	
Sample 6	 58	 7	 37	 45	 25	 62	 78	 44	 89	 30	
Sample 7	 10	 87	 32	 80	 9	 91	 59	 90	 67	 77	
Sample 8	 21	 89	 73	 39	 44	 80	 97	 83	 80	 4	
Sample 9	 85	 77	 82	 72	 15	 19	 44	 4	 83	 76	
Sample 10	 67	 87	 68	 58	 73	 29	 87	 4	 48	 79	
Sample 11	 90	 5	 28	 49	 39	 20	 78	 92	 12	 23	
Sample 12	 98	 93	 55	 12	 54	 75	 27	 95	 83	 98	
Sample 13	 31	 97	 52	 9	 93	 84	 45	 97	 81	 27	
Sample 14	 12	 77	 22	 17	 71	 12	 56	 86	 18	 0	
Sample 15	 40	 30	 71	 71	 54	 13	 77	 96	 75	 11	
Sample 16	 43	 94	 40	 73	 27	 33	 97	 88	 81	 44	



COMPOSITION

COMPOSITION: A CONTROVERSIAL TOPIC

THE DATA IS "COMPOSITIONAL"

NO ITS NOT



COMPOSITION

CHALLENGES OF COMPOSITION
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B+L+R=k
And all Positive
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B+L+R=k
And all Positive
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RUMINOCOCCUS

BACTEROIDES

COMPOSITION

CHALLENGES OF COMPOSITION
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Sample 1	 23	 53	 2	 44	 10	 88	 94	 66	 73	 67	
Sample 2	 69	 64	 70	 47	 8	 97	 47	 6	 64	 19	
Sample 3	 33	 100	 68	 78	 59	 87	 71	 31	 67	 24	
Sample 4	 5	 63	 57	 27	 86	 81	 83	 92	 46	 62	
Sample 5	 76	 80	 46	 70	 92	 92	 6	 46	 37	 68	
Sample 6	 58	 7	 37	 45	 25	 62	 78	 44	 89	 30	
Sample 7	 10	 87	 32	 80	 9	 91	 59	 90	 67	 77	
Sample 8	 21	 89	 73	 39	 44	 80	 97	 83	 80	 4	
Sample 9	 85	 77	 82	 72	 15	 19	 44	 4	 83	 76	
Sample 10	 67	 87	 68	 58	 73	 29	 87	 4	 48	 79	
Sample 11	 90	 5	 28	 49	 39	 20	 78	 92	 12	 23	
Sample 12	 98	 93	 55	 12	 54	 75	 27	 95	 83	 98	
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Sample 14	 12	 77	 22	 17	 71	 12	 56	 86	 18	 0	
Sample 15	 40	 30	 71	 71	 54	 13	 77	 96	 75	 11	
Sample 16	 43	 94	 40	 73	 27	 33	 97	 88	 81	 44	

Row Sums are known to be arbitrary

Common practice is to "normalize"  
(convert to percentages by dividing by row totals)

Percentages = Relative Abundances = Compositions

Example of problem:  If B goes up, L+R must go down
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ZEROS AND COUNTING

A PROBLEM WITH THE COMPOSITIONAL PERSPECTIVE
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ZEROS AND COUNTING

OTHER SIDE OF THE AISLE

The data is count data

A zero count can be because  
a taxa (e.g., species) had low,  
but non-zero, abundance.  
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ZEROS AND COUNTING

OTHER SIDE OF THE AISLE

The data is count data

Model Random Counting 
(e.g., negative binomial or Poisson)

Yet often models each taxa as independent.  

A zero count can be because  
a taxa (e.g., species) had low,  
but non-zero, abundance.  



BACKGROUND

VIEWING AS RANDOM SAMPLING

Adapted from Hamady. et al., Nature Methods, 2008

Sample Collection  
and Storage

DNA Extraction 
PCR Amplification Sequencing

RANDOM SAMPLING RANDOM SAMPLING RANDOM SAMPLING
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BACKGROUND

PROBLEM WITH MULTIVARIATE RANDOM SUBSAMPLING

% Blue 
% Orange 
% Green

RANDOM SAMPLING INDUCES A  
COMPETITION TO BE COUNTED 

(COUNT COMPOSITIONAL)



BACKGROUND

EXTRACTING MORE INFORMATION FROM COUNTS

Samples 1 2

Taxa 1 40 0
Taxa 2 0 0
Taxa 3 100 1
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BACKGROUND

BAYESIAN MULTINOMIAL MODELS REFLECT INTUITION WE WANT

Samples 1

Taxa 1 40
Taxa 2 0
Taxa 3 100

Taxa 1 Taxa 2

Taxa 3
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BACKGROUND

MULTINOMIAL-LOGISTIC NORMAL
•Handles Zeros and 

Competition-to-be-
counted 

•Allows positive and 
negative covariation 
between taxa 

•Models Multiplicative 
Errors

ILR = "Isometric Log-Ratio" Transform



BACKGROUND

MODELING TIME-EVOLUTION

Silverman et al., Microbiome 2018

True State with Biological Noise

Addition of Technical Noise

Observed Counts

Priors



INFERENCE



INFERENCE

THE COMPUTATIONAL BOTTLENECK

10 Taxa with 650 Samples  
As measured by Time to Effective Sample size of 2000 

▸ Metropolis-within-Gibbs → >2 months  

▸ Now on order of milliseconds to seconds.  

Can even scale to 5K x 20K , ~ 1.4 days run-time  



INFERENCE

Goal

Marginal Conditional

KEY IDEA
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Goal

Marginal Conditional
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INFERENCE

Goal

Marginal Conditional

KEY IDEA

(1) I have found that a huge class of models 
have identical marginal forms 
 
(2) I have found a highly accurate approximation for  
this marginal form  
 
(3) These models often have conditionals that are easy  
to sample from. 

Marginally LTP Models

Latent Matrix-T 
Process 

(LTP)



MARGINALLY LATENT 
MATRIX-T PROCESSES 
MODELS
MARGINALLY LTP MODELS



MARGINALLY LTP MODELS

MATRIX NORMAL PROCESS

Silverman JD, Roche K, et al. 2019. arXiv

Covariance over  
Column space

Covariance over  
Row space

Mean  
Matrix

Matrix of  
Observed Data  
(Real Valued)



MARGINALLY LTP MODELS

MATRIX T-PROCESS

Silverman JD, Roche K, et al. 2019. arXiv

Covariance over  
Column space

Covariance over  
Row space

Mean  
Matrix

Degrees of  
Freedom

Matrix of  
Observed Data  
(Real Valued)



MARGINALLY LTP MODELS

LATENT MATRIX-T PROCESS (LTP)

Silverman JD, Roche K, et al. 2019. arXiv

e.g., ILR
Matrix of Counts

Multinomial



MARGINALLY LATENT MATRIX-T PROCESSES

AN EXAMPLE OF A MARGINALLY LTP MODEL

Multinomial 
Logistic Normal  
Process

Additional Noise

Count Noise

Smoothed State

Unknown Covariance Between Log-Ratios



MARGINALLY LATENT MATRIX-T PROCESSES

FOR TIME-SERIES ANALYSIS



MARGINALLY LATENT MATRIX-T PROCESSES

A FEW MORE EXAMPLES 

Generalized Multivariate  
Dynamic Linear Models

Silverman JD, Roche K, et al. 2019. arXiv

Generalized Multivariate  
Conjugate Linear Models

And Many More ... 



MARGINALLY LATENT MATRIX-T PROCESSES

MULTINOMIAL LOGISTIC NORMAL MODELS WITH MARGINAL LAPLACE APPROXIMATION

Silverman JD, Roche K, et al. 2019. arXiv

C++, Eigen (+MKL) 
R Interface using Rcpp 
 
Extensively Unit Tested against 
Independent Implementations



MARGINALLY LATENT MATRIX-T PROCESSES

MULTINOMIAL LOGISTIC NORMAL MODELS WITH MARGINAL LAPLACE APPROXIMATION

Tukey GaussJustin

Silverman JD, Roche K, et al. 2019. arXiv

C++, Eigen (+MKL) 
R Interface using Rcpp 
 
Extensively Unit Tested against 
Independent Implementations



STRAY

MULTINOMIAL LOGISTIC NORMAL MODELS - BUT FAST

Benchmarking - Kim Roche

Silverman JD, Roche K, et al. 2019. arXiv



STRAY

MULTINOMIAL LOGISTIC NORMAL MODELS - BUT FAST

Benchmarking - Kim Roche

Efficient
~ 5 orders of magnitude faster than HMC 
~ 1-2 orders of magnitude faster than Variational Bayes (VB)

Silverman JD, Roche K, et al. 2019. arXiv



STRAY

MULTINOMIAL LOGISTIC NORMAL MODELS - BUT FAST

Benchmarking - Kim Roche

Efficient
~ 5 orders of magnitude faster than HMC 
~ 1-2 orders of magnitude faster than Variational Bayes (VB)

Accurate
‣ Point Estimation Accuracy (estimating posterior mean) is nearly 

perfect over all tested conditions (in contrast VB breaks down 
when many taxa) 

‣ Uncertainty quantification (estimating posterior variance)  only 
found to break down when > 93% zeros in dataset. (in 
contrast VB breaks down often)

Silverman JD, Roche K, et al. 2019. arXiv



STRAY

STRAY Public on GitHub

Many many different  
multinomial logistic-normal  
models scalable and accurately. 
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STRAY / MARGINALLY LATENT MATRIX-T PROCESSES

BUT WHAT ABOUT THE CONDITIONALS? 
Generalized Multivariate  
Conjugate Linear Models

This is just the Solution to Bayesian  
Multivariate Linear Regression



STRAY / MARGINALLY LATENT MATRIX-T PROCESSES

BUT WHAT ABOUT THE CONDITIONALS? 

Generalized Multivariate  
Dynamic Linear Models



BUILDING A FRAMEWORK 

BENCHMARKING RESULTS
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STRAY

REAL DATA

Intercept CD Inflamed Age
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LATENT MATRIX-T PROCESSES

NON-LINEAR TIME-SERIES MODEL FOR MICROBIOME

Silverman JD, Roche K, et al. 2019. arXiv



LATENT MATRIX-T PROCESSES

NON-LINEAR TIME-SERIES MODEL FOR MICROBIOME


