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Talk Outline

• Background
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• LSA - Latent Strain Analysis
• Results
• Pros & cons
• Discussion



What do they 
do?

LSA requires fixed amount of memory to 
detect strain level 
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The Challenge

Detection of Low  abundance species
Separate strains of the same species

Deep 
Sequencing

(Using commodity hardware)



The Challenge

Cons: can’t scale to terabytes data sets

Diginorm & Khmer
A combination of data reduction + data compression + partioning

Cons: (1) Multiple small contigs
(2) It’s not clear which contigs originate from the same species

Ray Meta
 Leverage distributed architectures to parallelize assembly computation

MetAMOS, MetaVelvet, Meta-IDBA
 Relaxing the assumption of single-genome de-Bruign assemblers to  

allow multiple coverage
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LSA – Latent Strain Analysis: High Level Description

A scalable ‘de novo’ pre-assembly method, that separate reads 
into biological informed partition and thereby enables 

assembly of individual genomes

Reads 
transformation

Dimensionality 
Reduction

Clusters of Reads Assembly

Samples

transformed reads
lower 

dimension

transformed 
reads



Intuition
Relative Abundance 

(RA) of Prevotellacea

Sample Prevotellacea
Relative Abundance (RA)

Sample1 0.21

Sample2 0.07

Sample3 0.14

Let’s assume that the Relative Abundance of Prevotellacea
can be explained by a finite set of 5 reads

gene A gene B gene C gene D gene E

Read_1 Read_2 Read_3 Read_4 Read_5



Intuition
Sample Read_1 Read_2 Read_3 Read_4 Read_5 RA

Sample1 12 32 82 72 34 0.21

Sample2 34 21 15 54 12 0.07

Sample3 14 54 17 21 32 0.14

“The variance of a given species’ abundance 
across samples imparts a covariance to the 

read depth at every read in that species’ 
genome”

Main 
Assumption

VarianceCovariance



Reads transformation: From Read to K-mer

A vector of k-mer counts
(K=33 bp)

ACTCTCTGAT

K-Mer - All the possible substrings of length k that are contained 
in a read

K=4 

{ACTC, CTCT, TCTC, TCTG, CTGA, TGAT}

{   1    ,     2   ,    1   ,    1    ,     1    ,    1    }

Assumption: The observed frequency of every k-mer in a sample is a 
function of the abundance of each distinct DNA fragment (read) 
containing that k-mer

Read (100-500 bp) 



Reads transformation: K-mer hashing & Normalization

Sample Hash1 Hash2 Hash3 … Hash 2B

Sample1 211 325 182 … 334

Sample2 143 2122 155 … 132

Sample3 214 198 174 … 332

TF-IDF 
Normalization

(‘global weight’)

K = 33 𝟒𝟑𝟑 optional K-mers! 𝑶(𝟏𝟎𝟏𝟗)
Hashing!

𝟒𝟑𝟑 → 𝟐𝟑𝟏 𝑶(𝟏𝟎𝟗)

0.1 0.28 0.75 … 0.4

0.3 0.12 0.23 … 0.2

0.7 0.45 0.09 … 0.014

Abundance
Matrix

The variance of a given species’ abundance across 
samples imparts a covariance to the read depth at 

every K-mer in that species’ genome”

Main 
Assumption



Dimensionality Reduction : what is SVD?

𝐀 = 𝐔 × 𝚺 × 𝐕𝐓

Claim:  It is always possible to decompose A real matrix 𝐀 to 𝐀 = 𝐔𝚺𝐕𝐓:
I. 𝐔, 𝚺, 𝑽 – unique
II. 𝐔, 𝐕 – column orthonormal 𝑈𝑇𝑈 = 𝑉𝑇𝑉 = 𝐼
III. 𝚺 diagonal and its entries (singular values) are positive and sorted in decreasing 

order (𝝈𝟏>= 𝝈𝟐. . ≥ 𝟎) while r is the rank of matrix A.
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Eigengenome - Analog to the Principle Component of the sequence space. 
(the columns of 𝑽 collectively as the set of eigengenomes). 

Dimensionality Reduction : Eigengenomes ?

𝐀 = 𝐔 × 𝚺 × 𝐕𝐓
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Reads’ Clustering: K-mers clustering
H
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d
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Rank(A)

10K Hashed K-mers
were randomly 

selected

Stopping Criteria – 0.4% of the eigengenome
matrix had been sampled

Low Resolution
(less clusters)

High Resolution
(more clusters)

Similarity 
Threshold

K-means clustering



Reads’ Clustering: From k-mers cluster to reads

log-likelihood:
• The size of each of the k-mer clusters
• The intersection of the k-mers in the read with each of the clusters
• The global weight of each of the intersecting k-mers

K-mers
Cluster

Reads
Cluster

Unique read in each cluster



Assembly: From reads’ clustering to assembly

ACTCTCTGATGTGT

CTCGTGGGT

CTCGTGTGTGAATATATAGGT



Results: Sanity check - I

Question: Can LSA partition mock reads from single genome mixed 
with other genomes?

Test: 30 human gut samples + ‘Salmonella Bongori’ mock reads

Human Microbiome
Project 

Result:
 LSA produced 451 partitions using 25 Gb

 Out of a total of ~20 million spiked ‘S. bongori’ reads, more than 99% 
ended up in a single partition.



Results: Sanity check - II

Question: Can LSA Separate reads from closely related strains into 
different partitions?

Test: 50 human gut samples + 2 strains of ‘S. Bongori’ mock reads + 
8 strains of ‘S. Enterica’ mock reads

Close distance 
(MUM index)



Results: Sanity check - II

Completeness- percentage of a given reference genome covered by each 
partition . 

ACCCGTTGTTCAACCCGGTTGCCGG

Read 1 Read 2

Assembly length = 25

RG Reads’ coverage = 16 Accuracy = 64%

Accuracy - percentage of partition’s assembly covered by reads 
simulated from a given reference genome (RG). 

ACGTCGATATGTTGTTCAACCCGGTGTAATAT

Read 1 Read 2 Read 3

RG length = 32
Partition reads’ coverage = 22

Completeness = 69%



Results: Sanity check - II
 LSA produced 2,543 partitions, ‘S. bongori’ partition:

 Accuracy =  99.52% (of the reads are from ‘S. bongori’)
 Completness = 95.79%  (of all the ‘S. bongori’ reads)



Results: Sanity check - II
Close distance 

(MUM index)

MSA
S. ent. Heidelberg
S. ent. Newport

ATTCGGTAATAACGGATATATATATATA
ATGCGGTAATTACGGACTATTATATATA
TAGCGGTAATAACGGACATACATATATAS. ent. Gallinarum

AT  CGGTAATAACGGA  ATATATATATA

S. ent. Schwarzen

S. ent. Typh. (DT2)
S. ent. Typh. (1344)
S. ent. Typh. (LT2)

Partition 1424
Partition 56
Partition 86
Partition 1369
Partition 1093

2 hours slide (!) 



Results: Sanity check - II

Regions of MSA
Covered by strains

MSA
MSA coverage in a 
specific partition

1424
56
86
1369
1093



Results: Low Abundance Species

Question: Can assembled partitions can be aligned to reference 
genomes?

Test: 176 human stool samples from FijiCoMP (4 Tb)

Result:
 LSA produced 4,306 partitions

 Considering only contigs greater in length than the N50 of a given partition == 

344 partitions which are relative specific (>50% of total alignment)

Completeness – assessed by by AMPHORA set (31 house keeping genes)
N50 - the minimum contig length needed to cover 50% of the assembled genome



Results: Low Abundance Species

Result:
 Out of 344 partitions, 93 contains all 31 AMPHORA genes.

 16s sequencing detected >70 bacterial families with low abundance (𝟒 × 𝟏𝟎−𝟔%)

MetaPhyler – a taxonomic classifier uses phylogentic marker genes. 



Results: Memory Consumption

Data Set #Samples Type Size (Gb)

FijiCoMP 176              Human Stool                 4,000

HUGE                32               Human Stool                  300

Sharon et .al  18        premature infant gut            20



Results: Memory
streaming SVD - Gensin packge (python) operates in fixed memory



Pros & Cons

• Pros:
• Open Source

• Cons:
• Tables / Figures mismatch
• No comparison to other methods
• One data set
• Fancy algorithm, compare to random? 

• Pros:
• Fixed Memory
• Integration of concepts



Discussion

• Validation of  novel &  specific new computational methods
• Article name Vs. its actual value? 

Detection of low-abundance bacterial 
strains in metagenomic datasets by 

eigengenome partitioning (LSA)



Thanks!


