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FRAMING SEQUENCE COUNT DATA

WHAT IS SEQUENCE COUNT DATA?

Multivariate count data Yj; representing the number of
transcripts of type j sequenced in sample i

Examples: Extended Applications

Beyond Sequencing]:
» 16s rRNA sequencing [Bey k 7

» Multiparametric Flow

» RNA-seq (+ Single Cell) Cytometry

» T-cell receptor sequencing » Political Polling

» [hand waving] tumor subtypes



FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

DNA Extraction
PCR Amplification

Sample Collection
and Storage
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Species 1 Species 2 Species 3 Sp:
Sample 1 23 53 2
Sample 2 69 64 70
S le 3 33 100 68 1
ample Denoise Reads
Sample 4 5 63 57 _
Sample 5 76 80 46 or Cluster
Sample 6 58 7 37
Sample 7 10 87 32
CAmawla O N4 on 70

Make Count Table

Sequencing

AGCTGAGAGAAGCAGGGTCGTAATGTT . . .
>ACTGCGATGCGTAGGGTCGTAATGCG . . .
>AGTGCGATGCGTAGGGTCGTAATGTA . . .

_ PALTGLATGUTUTAGGGTCGTAATGCA . . .

SACTCTCACCCTCAGGGTCGTAATCGCE . . .
PACTCCATCCTCTAGGGTCGTAATGTT . .
PAGTGTCACGGTGAGGGTCGTAAYIGCC . |, .
>ACTCACACAACCACCCTCCTAATCAC . . .

Assign Sequences
to Samples

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




FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

Sample Collection DNA Extraction
and Storage PCR Amplification

Sequencing

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



FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

Sample Collection DNA Extraction
and Storage PCR Amplification

Sequencing

TECHNICAL
VARIATION
AND

BIAS

COUNTING
AND
BIAS

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



FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

Sample Collection DNA Extraction
and Storage PCR Amplification
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Sequencing

TECHNICAL

VARIATION COUNTING
AND
i BIAS
BIAS

RANDOM SUBSAMPLING RANDOM SUBSAMPLING RANDOM SUBSAMPLING

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



FRAMING SEQUENCE COUNT DATA

DATA COLLECTION AND SAMPLE PROCESSING

Sample Collection DNA Extraction ,
Sequencing

and Storage PCR Amplification
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BIOLOGICAL TECHNICAL

VARIATION VARIATION COUNTING

AND

o o BIAS

SIGNAL BIAS

RANDOM SUBSAMPLING RANDOM SUBSAMPLING RANDOM SUBSAMPLING

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



FRAMING SEQUENCE COUNT DATA

KEY POINT

» Sequencing depth does not seem to correlate with
microbial load.



FRAMING SEQUENCE COUNT DATA

PROBLEM WITH MULTIVARIATE RANDOM SUBSAMPLING

System 1



FRAMING SEQUENCE COUNT DATA

PROBLEM WITH MULTIVARIATE RANDOM SUBSAMPLING

System 1

% Blue
% Orange
% Green



FRAMING SEQUENCE COUNT DATA

PROBLEM WITH MULTIVARIATE RANDOM SUBSAMPLING

System 1 System 2




FRAMING SEQUENCE COUNT DATA

PROBLEM WITH MULTIVARIATE RANDOM SUBSAMPLING

System 1 System 2

RANDOM SAMPLING INDUCES A

STATISTICAL COMPETITION TO BE COUNTED




FRAMING SEQUENCE COUNT DATA

THE SPACE OF RELATIVE DATA

® B+ O+ A=K
A And all Positive

K

> N



FRAMING SEQUENCE COUNT DATA

COUNTING INTRODUCES UNCERTAINTY




FRAMING SEQUENCE COUNT DATA

COUNTING INTRODUCES UNCERTAINTY




FRAMING SEQUENCE COUNT DATA

THE PROBLEM WITH FEW COUNTS OR SMALL COUNTS

=100
P=(90.3% 9.2, 0.3%)



FRAMING SEQUENCE COUNT DATA

THE PROBLEM WITH FEW COUNTS OR SMALL COUNTS

P=(90.3% 9.2, 0.3%)




FRAMING SEQUENCE COUNT DATA

MICROBIOME DATA IS SPARSE

Human Microbiome Project

Log(Counts+1)

7.5

5.0

2.5

0.0

Taxa

Samples

Silverman, et al., eLife 2017



FRAMING SEQUENCE COUNT DATA

TAKE HOME MESSAGES

» Counts (with many zero or small counts)

» Compositional Information Only

» The data is multivariate not univariate!

» Lots of variation (technical and biological)

» Variation is not always random (then we call it "bias")



MODELING



MODELING

GENERATIVE MODELING

Sequencing

Y; ~ Multinomial(nj, ;)

DNA Extraction @‘i ?
PCR Amplification I
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BUILDING THE TOOLBOX

FIVE (NEARLY) EQUIVALENT STATEMENTS

» The Aitchison Geometry in the Simplex is the
relevant space to model our systems in

» "Our Systems Multiply" + The information in GROUP THEORY / VECTOR SPACE

our data is relative

» Conclusions should be drawn from [Log]-Ratios INTUITIVE

» The Logistic-Normal Distribution is the CLT for

STATISTICAL
our unobserved system(s)
» All methods for analyzing relative data should
adhere to three principles (1) Scale Invariance, SAGHATE

(2) Permutation Invariance, (3)
Subcompositional Coherence



MODELING

GENERATIVE MODELING (LIKELIHOOD ONLY)

=
Y; ~ Multinomial(n;, ;)

r; ~ Logistic Normal(u;, V)

Sequencing

DNA Extraction

PCR Amplification
L L™
= /':l :'.,'; ;,L . .
| M; ~ Logistic Normal(a, V)

Sample Collection j e 1 |7

l /"\_‘"‘.:' = ) -

and Storage ' a; ;ﬂt"fh'_f \v'f 5
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! "M Adapted from Hamady. et al., Nature Methods, 2008



MODELING

WHAT IS MISSING?

>ACTCAGAGAAGCAGCGCTCGTAATGTT . . .
»AGTGCGATGCGTAGGGTCGTAATGCG . . .

. SAGTGCGATGCGTAGGGTCGTAATGTA . .
ASSIgn Sequences PALTGGATUUTUTAGGGTCGTAATGCA . . .

SACTCTCACCCTCAGGGTCGTAATCCG . . .

PACTCCATCCTCTAGGGTCGTAATGTT . .
tO Sam pleS PAGCTGTCACGGTGAGGGTCGTAATIGCC . |, .

PACTCACACAACCACCCTCCTAATCAC . . .

Sequencing

DNA Extraction T‘? _ . .
Species 1 Species 2 Species 3 Sp
PCR Amplification

Sample 1 23 53 2
C — — Sample 2 69 64 70
S S— Denoise Reads Sample 3 33 100 68
 e— —
Sample 4 5 63 57
or Cluster ——
Sample 5 76 80 46
| ‘li PN ' Sample 6 58 7 37
| Sample 7 10 87 32
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| D) s NS
and Storage TR RS
| Tl Ny s
R "¢ RS A7
A S Nt
i

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



INTERPRETING THE MODEL

MULTINOMIAL-LOGISTIC NORMAL (OR NORMAL ON THE SIMPLEX)

Y ~ Multinomial( )
1T ~ Logistic Normal(p, =)

!

Y ~ Multinomial(r7)

m=ILR™(n)
n ~ Multivariate Normal(u, 2)



INTERPRETING
THE MODEL



INTERPRETING THE MODEL

ISOMETRIC LOGRATIO TRANSFORM - AN ORTHONORMAL BASIS

UNOBSERVED ABSOLUTE ABUNDANCES
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Silverman, et al., eLife 2017



INTERPRETING THE MODEL

ISOMETRIC LOGRATIO TRANSFORM - AN ORTHONORMAL BASIS

UNOBSERVED ABSOLUTE ABUNDANCES CORRESPONDING COMPOSITION

. Lactobacillus (%)
3

v .

S t Community A

O

U o -

Q |~ ’/ Community B

s I

Ruminococcus (#

& @

_____ Bacteroides (%) Ruminococcus (%)

Silverman, et al., eLife 2017



INTERPRETING THE MODEL

ISOMETRIC LOGRATIO TRANSFORM
ORTHONORMAL BASIS IN SIMPLEX

Lactobacillus (%)

Bacteroides (%) Ruminococcus (%)

Silverman, et al., eLife 2017



INTERPRETING THE MODEL

PHYLOGENIC ISOMETRIC LOGRATIO (PHILR) TRANSFORM
PHYLOGENETIC BALANCES [Jl ORTHONORMAL BASIS IN SIMPLEX

Lactobacillus (%)

Community A

Lactobacillus

: Bacteroides (%) Ruminococcus (%)
Ruminococcus

Community B

Bacteroides
Lactobacillus

Ruminococcus -« . ‘ >
*

Silverman, et al., eLife 2017



INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?
CURRENT STATISTICAL STANDARD
"IDENTIFIED SOFTMAX" (AKA INVERSE ALR)
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INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?

CURRENT STATISTICAL STANDARD
"IDENTIFIED SOFTMAX" (AKA INVERSE ALR)
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INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?
CURRENT STATISTICAL STANDARD
"IDENTIFIED SOFTMAX" (AKA INVERSE ALR)
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INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?

glr(glrinv(coords, V1), V2)[,2]

0.0 0.5

-0.5

ORTHONORMAL BASIS

-1.0 -0.5 0.0 0.5 1.0

gir(glrinv(coords, V1), V2)[,1]

1.5



INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?

ORTHONORMAL BASIS

O
—_ (o]
N oo
N 0 _ ) (e)
> o o o©
- o] 00
> (o) o©
g 9 - °.0°%
8 o
(@]
)
> | —
£ v 0° N
o)
= >
o P
—
>
! | = =
- - S
1.5 1.0 S
=
=
gl =)
—
[e))

-1.0 00 05 1.0 -1.0 00 05 1.0

X glr(girinv(circ, V1), V2)[,1]



INTERPRETING THE MODEL

WHY AN ORTHONORMAL BASIS?

» Ability to rotate your view requires orthonormal basis.

» Interpretability of low-dimensional projections requires
orthonormal basis

» "Objects change when you look at them differently with
non-orthonormal bases"

» "Units" Require an orthonormal Basis (Evidence
Information)



INTERPRETING THE MODEL

PHILR BASIS

ni ni10 ni2
Enterobacteriaceae
4 \
i
Desulfovibrionaceae ‘ﬁ/
0- W”IM M =
. -4 A
Fusobacteriaceae
ni ni4 ni5
Porphyromonadaceae S
3 4 Vessel
vw ~ A
Bacteroidaceae g NSRS, \ / v r N\ 1
S X v R,
> 01 \ m <%, 2
® ‘
{ SN
— % ! 3
n2 ——Rikenellaceae < 41 4
+ m
Lachnospiraceae n16 n2 n3
ni10
- + 4 \
ni - Ruminococcaceae v
+ n3 ‘ " -
: | Py |
mf -
Acidaminococcaceae 4

Synergistaceae

Day 027
Day 09
Day 16
Day 23 7
Day 30 ™
Day 027
Day 09
Day 16 |
Day 23 7
Day 30
Day 027
Day 09 7
Day 167
Day 23 7
Day 30"



INTERPRETING THE MODEL

VARIATION ARRAY

Desulfovibrionaceae

- (Iog Lachnospwaceae)

0.0066 Bacteroidaceae

(0.004-0.01)

Acidaminococcaceae

0.0088  0.008 0.0032 Median p

(0.006-0.01) (0.005-0.01)

Lachnospiraceae

Porphyromonadaceae (0.0021-0.0048) (95% Credible)
Interval
0.0085 0.0067 0.0056 B .
(0.006-0.01) (0.004-0.01)(0.004-0.008 ) acteroidaceae
Ruminococcaceae

0.015 0.013 0.014 0.011

(0.01-0.02) (0.01-0.02) (0.01-0.02) (0.009-0.01) SEYNNNRITNNNNN

0.011 0.0081 0.008 0.0062 0.0032
(0.008-0.02) (0.006-0.01) (0.006—0.01)(0.005-0.008)0.002-0.005 .

Lachnospiraceae

0.026 0.037 0.04 0.041 0.043 0.037

(002-0.04) (0.03-005) (0.03-005) (0.03-0.05) (0.03-0.06) (0.03-0.05) ASTNNNNISNNENINNNN

0.031 0.035 0.03 0.028 0.023 0.021 0.048

(0.02-0.04) (0.03-0.04) (0.02-0.04) (0.02-0.03) (0.02-0.03) (0.02-0.03) | (0.04-0.06) .

Fusobacteriaceae

0.051 0.049 0.04 0.039 0.043 0.038 0.022

(0.04-0.07) (0.04-0.06) (0.03-0.05) (0.03-0.05) (0.03-0.05) (0.03-0.05) (0.02-0.03) Synergistaceae

0.035 0.034 0.031 0.031 0.02 0.025 0.061 0.034 0.038

(0.03-0.04) (0.03-0.04) (0.02-0.04) (0.03-0.04) (0.02-0.02) (0.02-0.03) | (0.05-0.08) (0.03-0.04) (0.03-0.05)

Rikenellaceae



INTERPRETING THE MODEL

PRINCIPLE BALANCE ANALYSIS

wi w2 w3
Desulfovibrionaceae

Acidaminococcaceae

Porphyromonadaceae -5-

. w4 w5 w6
Ruminococcaceae

Vessel
1

2
-3
4

Bacteroidaceae

Lachnospiraceae

Balance Value (e.i.)
)
)

Enterobacteriaceae w7 w8 w9
N
wi
(1)
5-
Fusobacteriaceae
0- P
M~
Synergistaceae
-5
T T T T T T T T T T T T T T T
Rikenellaceae § 3 © 8§ 838 83 e g 8y g © g 3
T & & ®& &8 & ® ® &®F & & & &
() [m) [m) o [aEa) [m) [m) (m) [a ) [m) [m) [m) [m)



INTERPRETING THE MODEL

MAN UAL CURAT'ON B4_ Rikenellaceae

Starvation of
Vessels 1 and 2

o

oe]

O Balance Value (e.i.) ()
S

Enterobacteriaceae

Day02 Day09 Day16 Day23  Day 30
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EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

True State with Biological Noise

eO —>e1 —>62 — ...

—»eT



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

True State with Biological Noise

Wi W

90 _’61 —>62 — ...



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

Addition of Technical Noise N1 N2

T b

True State with Biological Noise



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

Addition of Technical Noise /rh /ﬂZ
f Vi Y% !

True State with Biological Noise



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

Y Y>
Observed Counts
i .o
Addition of Technical Noise
/! /!
t V1 T \ T

True State with Biological Noise



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

Observed Counts T T

Addition of Technical Noise

T

True State with Biological Noise "_R




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

MODELING TIME-EVOLUTION WITH MALLARD

Observed Counts T T

Addition of Technical Noise

T

True State with Biological Noise "_R

Observed Counts Yt ~ Multinomial(ﬂ't)
Ty = ILR_l(m)
Addition of Technical Noise Tlt — Fget + Vi Ut ~ N(C7 Vf)

T
True State with Biological Noise Ht — Gtet—l + Wi Wi n N(C7 i‘[ 1;)



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

A SIMPLE SIMULATION
Y: ~ Multinomial( ;)
m=ILR '(n)
Myt Vi vt~ N(O, V)

Hi= Hi_q + Wi w; ~ N(O, W)



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

A SIMPLE SIMULATION

- it
Y; ~ Multinomial( ;)
n1 _ m=ILR '(n,)
- 18} Myt Vi vi~ N(O, V)
*n2 Hi= He_q + Wy w; ~ NO, W
* 2]

Posterior Estimate for Eta with 95% Credible Interval

Lu

Balance Value

2u

T 1 T T T
0 50 100 150 200

B Posterior Estimate | P;f_“g;t;;oa‘:gt B True Value




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

LONGITUDINAL MODEL WITH REPEATED OBSERVATIONS

120 HOURLY SAMPLES

I —
28 DAILY SAMPLES

Attempted
Perturbation



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

LONGITUDINAL MODEL WITH REPEATED OBSERVATIONS

120 HOURLY SAMPLES

I —
28 DAILY SAMPLES

Attempted
Perturbation

STANDARD LONGITUDINAL MODEL

Y; ~ Multinomial(rt;)

m = |LR_1('7:)

M= He + Vi vi ~ N(O, V)
My = M4 + Wy w; ~ N, W*




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

LONGITUDINAL MODEL WITH REPEATED OBSERVATIONS

20 REPLICATE
120 HOURLY SAMPLES SAMPLES
4x i
28 DAILY SAMPLES

Attempted
Perturbation

STANDARD LONGITUDINAL MODEL

Y; ~ Multinomial(rt;)

My = ||-R_1('71)

Ny = My + Vi v~ N(O, V)
My = M4 + Wy w; ~ N, W*




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

LONGITUDINAL MODEL WITH REPEATED OBSERVATIONS

20 REPLICATE
120 HOURLY SAMPLES SAMPLES
4x i
28 DAILY SAMPLES

Attempted
Perturbation

STANDARD LONGITUDINAL MODEL CONDITION TO HANDLE REPLICATES
Y; ~ Multinomial(rt;)
m = ILR '(n,) w0 if tis a replicate of t — 1
Ny = My + Vi vi ~ N(O, V) : W otherwise;

Hi= Hi—1 + Wi w; ~ N(O, W)




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

ESTIMATING “SIGNAL-TO-NOISE™ RATIO

Biological Noise to Technical Noise Ratio Percent of Noise (Excluding Counting)
Attributable to Biology
Tr(W) Tr(W)

Tr(V) Tr(V) + Te(W)



EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

ESTIMATING "SIGNAL-TO-NOISE™ RATIO

Biological Noise to Technical Noise Ratio Percent of Noise (Excluding Counting)
Attributable to Biology
Tr(W) Tr(W)
Tr(V) Tr(V) + Te(W)
STANDARD LONGITUDINAL MODEL CONDITION TO HANDLE REPLICATES

Y: ~ Multinomial(rt;)
m=ILR '(n, W {o if tis a replicate of t — 1
Ny = My + Vi vi ~ N(O, V) W otherwise;

My = Me_q + Wy w; ~ N(O, Wy)




EXAMPLE APPLICATIONS: LONGITUDINAL ANALYSIS

DOMINATED BY TECHNICAL NOISE AT HOURLY INTERVALS

Biological Noise to Technical Noise Ratio Percent of Noise (Excluding Counting)
Attributable to Biology

Tr(W) Tr(W)
Tr(V) Tr(V) + Te(W)

2

>

o

B

0.1 10.0
Tr(W)/Tr(V) Ratio



REAL DATA AND RESULTS

BIOLOGICAL AND TECHNICAL VARIATION CAN HAVE DIFFERENT SHAPES

Enterobacteriaceae Fusobacteriaceae

Bacteroidaceae 012 of4 015 ofg Lachnospiraceae Bacteroidaceae 032 034 ofs ofa Lachnospiraceae

B W: Biological Variation

™ V: Technical Variation
o W+V




