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WHY STATISTICS!

* Variation and uncertainty are unavoidable

* lechnical variation: sampling handling, storage, processing

* Instrumental variation: matrix effects, lon suppression
» Signal processing: peak boundaries, identity, intensity

* Biological variation: variation in protein abundance

~

» Overall goal: effective, reproducible research

Not Repeatable Reproducible Repeatable Reproducible
repeatable data analysis data analysis experiment experiment
Publication Same results Same resulls with Same results Same resulls
only with same data slightly different with new with new
analysis steps data analysis experiment & experiment &
steps same subjects new subjects



OUTLIN

* Motivating example
»  ABRF IPRG study

« MSstats

Statistical relative quantification of proteins and peptides
Methods evaluation

« Extensions to MSstats

* Assay characterization
System surtability and quality control




ABRF IPRG STUDY 2015

Detection of differentially abundant proteins
in controlled mixture

Samples

Name Origin Molecular Weight | 1 2 3 4
A Ovalbumin Chicken Egg White  45KD - 55 | 15 | 2
B  Myoglobin Equine Heart 17KD 55 | 15 | 2
C Phosphorylase b Rabbit Muscle 97KD 15 2
D Beta-Galactosidase Escherichia Coli 116 KD 2 50
EE  Bovine Serum Albumin Bovine Serum 66 KD 11 | 0.6 | 10 | 500
F Carbonic Anhydrase Bovine Erythrocytes 29KD 10 | 500 | 11 | 0.6

Spiked into a constant background: tryptic digests of S. cerevisiae

Three technical replicates per sample
Thermo nLC 1000 system

| 10-min linear gradient
DDA profile mode in Orbitrap
Data processing with Skyline

Choi et al., Journal of Proteome Research, 2017.



Reported proteins

DIVERSE SUBMISSIONS

INPUT, PROTEIN NUMBER,
AND CHOICE OF QUANTIFICATION
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Differentially abundant proteins
‘False positives’ and ‘True positives’
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DIVERSE SUBMISSIONS

ACCURACY OF DETECTING DIFFERENTIAL

ABUNDANCE
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Input data

DIVERSE SUBMISSIONS
ACCURACY OF ESTIMATING FOLD CHANGE
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Input

M Peaks

M Peptide ids
Raw+check
Raw

Identification

M Skyline

B MaxQuant

M Progenesis
Others

Quantification
M Feature intensity

I Spectral counting
Hybrid

Summarization

B Protein summarization / Protein—level inference

[ Peptide summarization / Protein—level inference
Peptide summarization / Peptide—level inference

Statistical software

M Persus

M Progenesis Ql

M Others
R, Excel, MatLab, Python
In—-house scripts

Inference

M t—test / SAM's t test

B ANOVA
Linear (mixed-effects) model
Others

FDR

Il Benjamini Hochberg

I Permutation FDR
Others

B Manual validation
FC cutoff
No adjustment

No information
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Skyline and linear
modeling in R
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Compared peak
intensity vs
spectral counts
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* Motivating example
»  ABRF IPRG study

« MSstats

Statistical relative quantification of proteins and peptides

Methods evaluation

« Extensions to MSstats

* Assay characterization
System surtability and quality control
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CHROMATOGRAPHY-BAS
QUANTIFICATION

Data structures have similarities and differences

{ﬂ) Endogenous {h) Reference Endogenous {G} Endogenous
20- 20! ]
sp] C1 1 C2 | C3 ) C4 i CE | CB 12345678910(12345678810 Strep 0% Strep 10%
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15-
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MS runs MS runs MS runs
Data-dependent Selected reaction Data-1independent
acquisition (DDA) monitoring with acquisition (DIA)

labeled reference
peptides (SRM)



MSSTATS: CURRENT STATUS

Statistical relative guantification of proteins and peptides
- Which protein changes in abundance!?

Complex experimental designs
Multiple condritions, factorial experiments, paired designs, time course

Chromatography-based guantification
Shotgun DDA, targeted SRM, data independent DIA/SWATH, PRM

Label-free or label-based
Simple summaries and models

Multiple functionalities
Data visualization, statistical modeling and inference, sample size

Free, open-source and inter-operable with other tools
Skyline external tool, converters from MaxQuant, Progenesis, OpenMSs...

18



WHY R?

* Researcher:

Lightweight: minimal software/hardware requirements
* Interactive: easy data exploration on a laptop

* Developer:
 lLarge community: leverage state-of-the-art
- Easy to customize/extend: e.g. include in existing pipelines

» Science;
* Full transparency: open algorithms and code
* Infrastructure for fully documentable workflows



MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

S

|CIAN'S VI

20



MS EXPERIMEN

Analytical method validation

System suitability testing

e BN

/Efperimental design AN

Data acquisition
Quality control

\ Data processing
\\ Statistical analysis

&perimental design
\/

S

|CIAN'S VI
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MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

ISTICIAN'S VIEW

Study goals

+ Exploratory analysis

+ Differential analysis
+ Biomarker discovery

Biological aspects

+ Selection of conditions
+ Selection of replicates

Technological aspects

+ Sample prep
+ Data acquisition
+ Randomization

22



MS

- XP

-RIM

-N [

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control
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Study goals

+ Exploratory analysis

+ Differential analysis
+ Biomarker discovery
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Biological aspects

+ Selection of conditions
+ Selection of replicates

Technological aspects

+ Sample prep
+ Data acquisition
+ Randomization

MCF7

Normoxia
6 hrs 24 hrs

Hypoxia
6 hrs 24 hrs

Normoxia

6 hrs

Hs578T
Hypoxia

24 hrs 6 hrs 24 hrs

Culture | Culture 2 | Culture | Culture 2 | Culture | Culture 2 |Culture | Culture 2
) ) ) )

- 4 & o - = ""J = 6-'~J/. — e:ijj‘ - ,_;-:J
== — == L= , ,

v v v v v U v VY

Culture | Culture 2

)

-

)

L ~—4

Culture | Culture 2
= 6CJ = ¢J

i, L
i i
f |

Culture | Culture 2
L 6;?.)) — 6':))

s, Wi/,
"i Wi
f {

Culture | Culture 2

) )

L~ -

T. Clough et al. BMC Bioinformatics., 2012



MS EXPERIMENT: STATISTICIAN'S VIEW

Study goals

+ Exploratory analysis
+ Differential analysis

System suitability testing + Biomarker discovery

Analytical method validation

Exoerimental desian Biological aspects
perimental desig + Selection of conditions
+ Selection of replicates

Technological aspects

+ Sample prep
+ Data acquisition
+ Randomization

Data acquisition
Quality control

Controls Cases
First therapy, weeks
L | | | | N T I | |
29 14 I I I I I I I I I I [l | | I I
indiv. indiv. |
0 | 2 3 (4 5 6| 7 8 [9 0| 1l 121 113 14
I |

Before Surgery

treatment

24

T. Clough et al. BMC Bioinformatics., 2012



MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

ISTICIAN'S VIEW

Input: list of identifies
and quantified peaks

+ MaxQuant
+ OpenMS

+ Progenesis
+ Skyline

+ Spectrnaut

+ DIAUmpire
+ ...

Steps

+ Data viz & QC

+ Normalization

+ Missing & outlying peaks
+ Quantify protein in a run
+ ...

www.msstats.org

25
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MS EXPERIMENT: STATISTICIAN'SVIEW ~

1. 2, 3 4 5, 6, 7, 8,9 10

Analytical method validation

System suitability testing

Experimental design

log2(intensity) of all
transitions in the run

L

Endogenous MS runs

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

C.-Y. Chang et al. MCP, 2012



MS EXPERIMENT: STATISTICIAN'SVIEW  *

1. 2, 3 4 5, 6, 7, 8,9 10

Analytical method validation

System suitability testing

| mmﬂmﬁﬁaUﬁ%&%ﬁ%ﬁ%&

log2(intensity) of all
transitions in the run

Experimental design CZ)
g Endogenous MS runs
Quality control <Z]: = § 11111111111111111111111
Data processing - ég MW%www WQuﬁge?ﬂﬁﬁ%%
Statistical analysis §g§ (EREEY

; . Reference Endogenous’
Experimental design MS runs

C.-Y. Chang et al. MCP, 2012




MS EXPERIMENT: STATISTICIAN'SVIEW 7

1. 2, 3 4 5, 6, 7, 8,9 10

Analytical method validation

System suitability testing

Experimental design

log2(intensity) of all
transitions in the run

L

Endogenous MS runs

Data acquisition
Quality control

456,78 910|123 456,78 910

ooooooooooo

i WWQH&U&W&W%%%éé

NORMALIZATION

Data processing

Statistical analysis

log2(intensity) of all
transitions in thg run

; . Reference Endogenous
Experimental design MS runs

C.-Y. Chang et al. MCP, 2012




STAN

Assumes constant abundance of features from a standara

* Algorithm

DAR

-

BAS

D NORMALIZATION

Subtract median[log(feature int)] of the standard
« Add back the median of the medians

« Comments

+ Standard does not have biological variation

+ Independent of type/number of features

- Only accounts for deviations

that occur after adding the standard

- Standards can be noisy (unequal
spiked abundance; overlapped peaks)

» Best practice

Use one standard for normalization,

another for verification
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MEDIAN NORMALIZA

|[ON

Assumes constant abundance of median of log(int) of
endogenous features

* Algorithm

» Subtract median[log(feature int)] of all

endogenous features
« Add back the median of the medians

- Comments
+ More stable than a single standard
+ Accounts for all data processing steps

- Assumes that the majority of
endogenous proteins are not affected
by the conditions

» Best practice

«  Use In discovery experiments
with many features

31

Before

log2(intensity)
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QUANTILE NORMA

Assumes constant abundance of all @

* Algorithm

|ZATION

uantiles of log(int) of

endogenous features

Order log(int) In each run

Calculate average of each quantile across runs
Substitute each log(int) with the average
Re-arrange log(int) in original order

« Comments

+ More stable than a single standard

+ Accounts for all data processing steps

- Assumes that the majority of L
endogenous proteins are not affected @ |
by the conditions

- Often very aggressive

» Best practice
Use to normalize multiple standards f
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MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

2>

ISTICIAN'S VI

:W 33

30-
downregulated
proteins

20+

10+

-log10(FDR-adjusted
p-value)

upregulated
proteins

P-value color key
Proteins

Pairwise comparisons

C.-Y. Chang et al. MCP, 2012



MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

ISTICIAN'S VIEW

Good statistical practice:

+ Match sources of variation
+ Match experimental design
+ Match research goal

+ Follow pre-defined protocol
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PROPERTIES OF PEAK INTEN
DATA PROCESSI

Skyline

MaxQuant
Frequency Frequency

Progenesis
Frequency

3000

2000+

1000 -

-DDA:Cox2014

: Skyline

- # peaks: 203,082

. #0s: 1,389

" # NAs: 33

: # censored: 3,639

|
|
|
|
|
|
|
|
|
|
|
|
|
i
|
20 30 40 50
19.38 27.58
Logz(lntensities)

10

4000+

w
o
o
o

N
o
o
o

1000+

DDA:Cox2014

MaxQuant

# peaks: 224,717
#0s:0

# NAs: 38,467

# censored: 38,577

10 40 50

20 3
19.49 26.26
Log,(Intensities)

800

600 -

400+

200+

DDA:Cox2014

Progenesis

# peaks: 56,471

# Os: 665

#NAs: 0

# censored: 1,937

20 30 40 50
13.42 222
Log,(Intensities)

SITIESVARY BETWEEN *
NG TOOLS

DIA: Bruderer 2015

10 20
997 17.39

Log,(Intensities)

DIA:Bruderer2015
Skyline

# peaks: 3,544,560

# 0s: 661,562

# NAs: 2,566

# censored: 664,771

30 40 50

d 662000{
750001
)
c
= 3
? & 500001
S
o
U o
—
L 25000]
0.
0
e
S
S 60000
)
S 3
8 @ 400001
e E}
O o
O
Q. 20000
0
0

DIA:Bruderer2015

Spectronaut

# peaks: 2,839,590
# 0s: 38,981

# NAs: 13

# censored: 41,127

30 40 50

Log,(Intensities)

Estimated censoring threshold
Quantiles of log,(intensity)
Frequency of peaks with intensity
reported as between 0 and 1
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beat for every

Conditions, subjects and runs: biological aspects of the experiment

%

=S

-NTATION

rotein
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Condition, Condition,
Subject, Subject, Subject, Subject, ., Subject ., Subject |

I:{un1 Runz Runs I:{un4 Runs Rune RUTK-z Ruﬂm RUTK F}HQKH F({H)Tmz FEHQJK+3 F({IH)I:J]K+4 F({H)Tms F}HQKW ' RUTJK-Z Rurl]m Rur}JK
Feature, Yy | Y | Y| Y |VY |V y | Y | Y y | Y | Y | Y |Y |Y y | Y | Y
Feature, [ vy | v | vy | v |y | NA y [ Y | Y Yy | Y | Y | Y |Y |Y y | Y | Y
Feature, y NA y NA | NA y NA y y NA y y y y y Y NA y

Spectral features: Missing values

technological aspects of the

experiment Log(feature

intensities)




LINEAR MIXED MODELS 7

A split plot approach

Condition, e Condition,
Subject, Subject, e Subject, o Subject, ., Subject ., Subject |
I:{un1 Runz Runs I:{un4 Runs Rune S RUTK-z Ruﬂm RUTK S F}HQKH F({H)Tmz FEHQJK+3 F({IH)I:J]K+4 F({H)Tms F}HQKW Co RUTJK-Z Rurl]m Rur}JK
Feature, y y y y y y | " y y y o y y y y y y S y y y
Feature, | v | 'y | vy | ¥y |y [N -~ y |y [y [ Yy | Y | Y [ Y Y | Y | Y Y|y
Feature, y | NA|l y [ NA|NA| y |[--- | NA| y y e NA | vy y y y y ||y | NA| y
Whole plot Subplot
Yijet = 4 + Condition; + Subject(Condition);;) + Run;jk + +
Whole-plot Whole-plot Subplot
biological variation technical variation error

where 5!, Condition; = 0,
Subject(Condition); g N(0,08ubject)
iid
Run;ji = i ~ N(0,07)
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Run RunZ Run Run4 RunS Runs RU?K-Z I:{UE]K-1 RU?K FEH?JKH FEHQKQ FEHI):]JK+3 FEHQKM FEHI):]JK+5 FEHQJK% RU?JK-Z RUBKJ I:{L“:'JK
Feature, y y y y |y y y y y y y y y y y y y y
Feature, y y y y y [NA, .« y y y y y y y y y y y y
Feature, Yy [NA_| Y |[NA_|NA_| V NA__ | Y y NA__ | Y y y y y y [NA_ | VY




INTERPRETING CENSORED VALUES  *
Run1 Runz Run Run4 Runs Rune RU?K-z RUE\K_1 RUTK R(HQKH FEHQKQ FEHI)?JK+3 F}HQKM FEHI):]JK+5 FEHQK% RUBK-z Ruﬂm RUEK
Feature, y | Y y | Yy | Y y y [y | Y y |y y | Y |Y y y | Y y
Feature, | v |y | v | Vv |V |[NA y | Y | Y Y [ Y | Y [ Y |Y |Y y |y |V
Feature, y [NA_| Y |[NA_[NA_| VY NA_| VY | Y NA_ | Y y | Y |Y y y [NA_| VY
Step 1 : Run-level subplot summarization
AFT model : Impute censored missing values by accelated failure model
iid
Yijkl = W+ Runyj + Feature; + €;, , where Z Runyj;, = 0, Z Feature, = 0, €51 ~ (0, 062)
l
Run Run2 Runs Run4 Runs Runﬁ RUTK-Z RULIJ‘I](—1 RUTK (Il-J1I;:]JK+1 (HBK+2 FEHQK+3 FEHQKM FEHQK+5 FEHQK+6 RUTJK-Z RUBKJ Rul'I:]JK
Feature, y | Y y y |V y y |V y y |V y [ Y |Y y y | Y y
Feature, | v | v [y |y | VY y [y | Y Yy | Y | Y| VY Y |Y y | Y | Y
Featurel_ y yimp y yimp yimp y yimp y y yimp y y y y y y yimp y




INTERPRETING CENSORED VALUES  #

Run1 Runz Run Run4 Runs Run RU?K-z RUE\K_1 RUTK R(HQKH FEHQKQ FEHI)?JK+3 F}HQKM FEHI):]JK+5 FEHQK% RUBK-z Ruﬂm RUEK

Feature, y | Y y | Y | Y y y |y |V y |y y [ Y | Y y y [y | Y
Feature, Y | Y | Y[ Y| Y [NAgl | Y | Y | Y Yy |y |y |Y |Y y y |y | Y
Feature, Yy [NA_| Y |NA_|INA_| Y NA_| Y |V NA_ | VY y [ Y | Y y y [NA_ | VY

Step 1 : Run-level subplot summarization
AFT model : Impute censored missing values by accelated failure model
iid
Yijkl = W+ Runyj + Feature; + €;, , where Z Runyj;, = 0, Z Feature, = 0, €51 ~ (0, 062)
ijk l

Run RunZ RunS Run4 RunS Runﬁ RUTK-Z RUEI](-1 RUTK (Il-J1I;:]JK+1 (HQK+2 FEHQK%} FEHQK+4 FEHQK+5 FEHE‘.]JK+6 RUTJK-Z RUBK-1 Rul'I'\]JK
Feature, y |y y | Y |V y y |y |V y |y y |y |V y y |y | VY
Feature, [ v |y | v [y |V y (Y | Y Yy | Y | Y | Y |VY |V y | Y | Y
Featurel_ y yimp y yimp yimp y yimp y y yimp y y y y y y yimp y

TMP : Parameter estimation by robust method
Yijki = W+ Runj + Feature; + €5 , where

median;jr(Run;;,) = 0, median;(Feature;) = 0, and median;i(€;jx) = median;(€;r) = 0

Run I:‘un2 Run3 I:{un4 RunS RunG RUTK-Z RU.IJ?(-1 RUTK F?HQKH FEHI)]K+2 FEH')’.]JK+3 FEHQK+4 F%HQK+5 F?HQK+6 RUTJK-Z RU'I]KJ I:{unIJK
. A A A A A A A A A A A A A A A A A A
Summarized| y | Y y | Y | Y y y |y |y y |y Yy Y | Y y y [y | Y




TUKEY MEDIAN POLISH B

Summarization over all features in a run

Tukey median polish
Represent features and runs in a
sub-plot as 2-way
Analysis of Variance

xj = feature; + run; + error;;

Run
= 1 2 ... 12
S
O 1] X11 X12 -+ X112
=
S 2| X1 X22 ... X212
o)
o
S
= N Xn1 Xn2 -+ Xn12

Addition: censored data

Impute missing values by
assuming that they have
intensities below detection
threshold

e Robust parameter estimation

subtract column median from each value :
subtract row median from each value
continue until no change

obtain fitted values

= subtract the resulting residuals from the original values

obtain array-based summary
= average fitted values over the column




INTERPRETING CENSORED VALUES

R e e e e e I s e a1 e e T T I ™ T
Feature, y y y y y y | °°° y y y y y y y y y o y y y
Feature, | 'y |y | v | Vv |y NA o |y |y |y Y [ Y [ Y [ Y Y | Y | Y Y|y
Feature Y [NA..| Y |NA_ [NA...| Y | " |[NA.l| VY y o [NAL Y y y y y T Y [NA_..| VY
I:{un1 Runz Runs Run4 Runs Rune e Ru?K-z Ru.?(-1 RUTK T FEHQKH FEHQK+2 FEHQK% FEHQK+4 FEHQK% F}HQK% e RuﬂK-z Ruﬂm Rur}JK
. A A A A A A A A A A A A A A A .. A A A
Summarized [ 'y y y y y y y y y y y y y y y y y y
Model-based inference by whole plot
Jijr = p + Condition; + Subject(Condition) ;;y + ij, where
. : . iid iid
g Condition; = 0, Subject(Condition);;y ~ N (0, a?gubject), Viie ~ N (0, O'i)
i
Condition, e Condition,
Subject, Subject, o Subject, e Subject ., Subject ., Subject,
I:nm1 Runz Runs I:h‘m4 Runs Rune T Ru?K-z Ru.?(-1 RUTK o R(ll-:l1r;]JK+1 F%Hgmz F%HQK%) FEHQKM F?H')]ms FEHQK% U RuﬂK-z Ruﬂm Rur}JK
. A A A A A} A A A} A L A A A A A A L A A A}
Summarized | 'y y y y y y | y y y y y y y y y y y y




EXTENSION: LABELED REFERENCE PEPTIDES

Condition, e Condition,
Subject, Subject, T Subject, T Subject . Subject ., | **° Subject,
Run

Feature,

Feature,

Endogenous

Feature

Feature,

Feature,

(O]
(&)
C
o
S
()
“——
(&}
o

Feature,

Whole plot
Yijeim = 4 + Condition; + Subject(Condition);;) + Rungje + + + +
Whole-plot Whole-plot Subplot
biological technical error
variation variation

where > ! | Condition; = 0, :

Subject(Condition)j) o (0,0§ubject)
iid
Run;jx = ¥ijx ~ (07 Uzzp)




“Biol”.
replicates
in arun

Runs=MS
replicates

=X

Mixtures="biol’.
replicates

-NSION: TMT LA

Run=block

3

—LING

Designs combine biological and technical replication

0.125 0.5 0.667 Norm
Runl1l  127C 129N 128N 129C 127N 130C 128C 130N 126 131
Mixturel Run2 127C 129N 128N 129C 127N 130C 128C 130N 126 131
Run3  127C 129N 128N 129C 127N 130C 128C 130N 126 131
0.125 0.5 0.667 Norm
Run 1 127C 129N 128N  129C 127N 130C 128C 130N 126 131
Mixturel Run2 127C 129N 128N  129C 127N 130C 128C 130N 126 131
Run 3 127C 129N 128N  129C 127N 130C 128C 130N 126 131
Run1 128C 130N 127N 130C 128N 129C 127C 129N 126 131
Mixture2 Run2 128C 130N 127N 130C 128N 129C 127C 129N 126 131
Run 3 128C 130N 127N 130C 128N 129C 127C 129N 126 131
Run1 127N 129C 128C 129N 127C 130N 128N 130C 126 131
Mixture3 Run2 127N 129C 128C 129N 127C 130N 128N 130C 126 131
Run 3 127N 129C 128C 129N 127C 130N 128N 130C 126 131
Run1 128N 130C 127C 130N 128C 129N 127N 129C 126 131
Mixture4 Run2 128N 130C 127C 130N 128C 129N 127N 129C 126 131
Run3 128N  130C 127C 130N 128C 129N 127N 129C 126 131
Runl1l @ 127C 129N 128N 129C 127N 130C 128C 130N 126 131
Mixture5 Run2 127C 129N 128N 129C 127N 130C 128C 130N 126 131
Run3  127C 129N 128N 129C 127N 130C 128C 130N 126 131

44



EXT

-NSION: TMT LABELING .
Label Condition, Condition,
_f ree Subject, Subject, Subject, Subject, ., Subject ., Subject, |
Run1 Runz Runs Run4 Runs Runs RanK-2 Ru.?m Ru?K FEHQKH I%H)?mz FEH'):]JK+3 F({I-HI)TKM F({|-lil)']K+5 FEHQK% RUTJK-z RUUK.1 RunIJK
Feature, y y y y y y y y y y y y y y y y y y
Feature, y y y y y NA y y y y y y y y y y y y
Feature, y NA y NA | NA y NA y y NA y y y y y y NA y
Run = block (restriction on randomization)
TMT Run1 Runk
Condition, Condition, Condition, Condition, Condition, ., Condition,
Sub | Sub | Sub |Sub | Sub | Sub Sub | Sub| Sub Sub | Sub| Sub | Sub | Sub | Sub Sub | Sub| Sub
Feature, y y y y y y y y y y y y y y y y y y
Feature, y y y y y | NA y y y y y y y y y y y y
Feature, y NA y NA | NA y NA y y NA y y y y y y NA y

Potentially different LC-MS features across runs

* Separate summarization and
normalization




OUTLIN

* Motivating example
»  ABRF IPRG study

« MSstats

Statistical relative quantification of proteins and peptides

Methods evaluation

« Extensions to MSstats

* Assay characterization
System surtability and quality control

46




ROBUL

-

10 O

Methods perform similarly with

5

N

=55
—RS

high quality data

—=— Proposed
—=— TMP

Peptide ions

Linear model
—= log(sum)

IPRG 2015

40

(intensities)
o
i S

Log,
S

47

N
o

Condition1 ' Condition2 | Condition3 | Condition4

F = = = o= = = e e |

-&- Proposed = TMP
Linear ~&- log(sum)
Peptide ions Censored

- = Estimated censoring threshold

3 9 12

6
MS runs

Condition2-Condition1 : True fold change=1
EstimatedFC Adj.pvalue

Proposed 1.016 0.999
TMP 1.016 0.999
Linear model 1.020 0.999
log(sum) 1.019 0.999




ROBUSTNESS
1O OUTLIERS

Outliers in low intensities:
robust summarization with
TMP improves upon linear

model
Peptide ions
—=— Proposed Linear model
—— TMP —~ log(sum)

IPRG 2015

401 Condition1 | Condition2 ' Condition3 Condition4|

W
o

—
o
)
o

Log, (intensities)
S

-l
o

0] | | ]
6 9 12
MS runs

Condition3-Condition1 : True fold change=1
EstimatedFC Adj.pvalue

Proposed 0.979 0.952
TMP 0.979 0.956
Linear model 1.488 0.815
log(sum) 1.218 0.734
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ROBUSTNESS
TO OUTLIERS
__ 30-
Outliers in high intensities: _@
robust summarization with D
TMP improves upon log(sum) 3 20-
'Ea 16.25
S
— 10
0-

Condition1  Condition2 | Condition3 Condition4|

6 9 12
MS runs

Condition4-Condition1 : True fold change=1
EstimatedFC Adj.pvalue

Peptide ions
—=— Proposed Linear model
—— TMP —~ log(sum)

Proposed 0.951 0.948
TMP 0.951 0.948
Linear model 1.317 0.881
log(sum) 3.514 0.741

IPRG 2015 49



ROBUSTNESS
1O OUTLIERS

Outliers in both high and low
intensities: TMP improves
upon linear model and

log(sum)
Peptide ions
—=— Proposed Linear model
—— TMP —— log(sum)

IPRG 2015

intensities)

Log,

40-

(0]
o

—
NS
N oS

—i
o

Condition1 | Condition2 | Condition3 | Condition4

6 9 12
MS runs

Condition1-Condition2 : True fold change=7.5

EstimatedFC Adj.pvalue

Proposed 8.015 <0.001

TMP 10.605 < 0.001

Linear model 29.106 < (0.001

log(sum) 1.552 0.999
50



BET TER
STATISTICAL
METRHODS
-NHANCE
PRODUCIBLE
RESEARCH

RE

Better agreement
in #differentially
abundant proteins
between tools

DDA: iIPRG2015

DDA: Cox 2014

DDA: Spike-in

Skyline

MaxQuant Progenesis

Skyline

MaxQuant Progenesis

MaxQuant Progenesis
4 6

Proteome
Discoverer

Log(sum)

Skyline
0
‘6
T2 L

MaxQuant Progenesis

Skyline

MaxQuant Progenesis

MaxQuant Progenesis

3

Proteome

1 Discoverer

3

Skyline 14 ]

2

0



BET TER
STATISTICAL
METHODS
-NHANCE
RODUCIBLE
-SEARCH

RE

A U T

Better agreement
in #differentially
abundant proteins
between tools

DIA: Bruderer2015

DIA; Roest2014

Proposed Log(sum)
Spectronaut Spectronaut
Skyline Skyline
59 16 55 10
Skyline openSWATH Skyline openSWATH
144 29 84 27
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MS EXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Experimental design

ATISTICIAN'S VIEW ™

Use the dataset to improve:

* Subject selection: matching

* Resource allocation: blocking
e Calculation of sample size

o .
LO - \ - = FDR: 1% of changes
—
. - FDR: 50% of changes
(7)) ' —— Single feature
D \
8 o | \
= o1 . .
Q Q — g \
QO > . .
<O ' \
c O : \,
Q - o " N
> L o] S
Q Q .. ‘S .
S ey R
Q RERUN - o
:tt ..........
O —

1.1 1.2 1.3 1.4 1.5
Desired fold change
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MSSTATS IS OPEN-SOURCE, R-BAS
AND PUBLICLY AVAILABLE

http://msstats.org/

\)S MSstats

'J Statistical Tocl For Quantitative Mass Spectrometry-Based Preteomics

MSSTATS TMT  CLASSIFICATION LOB/LOD QC DATASETS COURSE CONTACT

Overview News
MSstats is an open-source R pac<age tor statistical “elative quantification of = Thc upcomirg NEU course iComputation anc Stat'stics for Masz
prote ns and pept ces In clobal, targeted and data-Independent preteomics. 't Svectromelry) on April 30 - May 11, 2018. The detailed nforration will

allove sAc
provides workflows for otk Sasty

. . . = Mistars v3100is availanie o1 Biocanductor 36
» detecting differentially abundant proteins for MS expariments with

chromatograoshy-based cuantification. with comolex designs. = Th¢ most recent development version of the dackage MSstats is available

. . . In gith
= characterizing MS assays In torms of Umit of blank and Lmi: of detection | Gitnub.

(LOB/LOD),

« longitudinal monitoring of quality control and system suitabilizy testing
rcC I )
LS NS .

For commecenits, plecasc usce th s Goegle group

More infermation about ~essarch in 1~e Clga Vitex lab.
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MS M S St at S www.msstats.org

ol ‘ Statistical Tool =or Quantitatve Mass Spectrometry-38ased Preleornics

Skyline M. Choi et al. BMC
external tool Bioinformatics., 2014

- MSstats
S Version 3.8.4 [View All]
SIHIS Uploaded Dec 10, 2017

. Boud

Downloaded: 12701

— Documentation

“T. Knownlssues-Skyline-MSstatsV2.1.6.pdf

“* MSstats-SkylineExternalTool-InstallationAndUserGuide-v2.1.6.pdf

{ MSstatsTutorial.zip

Bioconductor

Month Nb of distinct IPS Nb of downloads
Jan/2017 72 277
Feb/2017 908 351
Mar/2017 [ 08s 614
Apr/2017 282 409
May/2017 817 544
Jun/2017 g2 517
Juli2017 [ 988 379
Aug/2017 022 451
Sep/2017 86 300
Oct/2017 086 559
Nov/2017 [ 800 596
Dec/2017 460 313

201723 5310

— Tool Information

Organization: Vitek Lab, Northeastern University
Authors: Meena Choi, Tsung-Heng Tsai, Ching-Yun Chang, Dr. Timothy Clough, Dr. Olga Vitek

Languages: R(3.4.0), C#

More Information: http://www.msstats.org/

MSstats 2017 _stats.tab




OUTLIN

* Motivating example
»  ABRF IPRG study

« MSstats

Statistical relative quantification of proteins and peptides

Methods evaluation

« Extensions to MSstats

* Assay characterization

System surtability and quality control

56




MS EXPERIMEN

Analytical method validation

—System suitability testing__
CAthi S

Experimental design

Data acquisition
Quality control

Data processing

Statistical analysis

Conclusions and reporting

IS

ICIAN'S VI
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ASSAY CHARACTERIZATION

Statistical method: linear regression

1200 —Linear:y =3 + 0.246 x

corr = 0.997
linear R2 = 0.993

80"

Intensity

40

e Motivating example
DIA calibration experiment

Peptide SSAAPPPPPR

e Goal: quantify
Background noise
Slope (assay efficiency)
Quantify LoD and LoQ

0 100 200 300 400 500
Spiked Concentration

e From the graph
Linear relationship is theoretically plausible
High correlation, high R2

False
= perception of

good quality

58



4.0;

o
o

Intensity

w
Q

2.51

FIGURES OF MERIT

Statistical methoda:

-- 95% confidence interval .

95% noise L
-- 95% prediction interval .7
— mean prediction 2’

— Noise

Confidence interval:

0 i 2
Spiked Concentration

Inear regression

Limit of blank (LoB)

* upper limit of prediction interval
of blank intersects curve fit

Limit of detection (LoD)

* upper limit of prediction interval
of blank intersects lower limrit of
prediction interval of curve fit

g — tn 2 \/V&’{y} y—l—tn

\/va r{y}]

Prediction interval:

P n—2 ~ 2 =~ n—2
_y_ta/l \/\ggr{y}+3 ; y_l_toz/l

. \/Vw’{g} + 32]




Signal

4e+04

8e+04

0e+00

All
concentrations
— linear: y = -275 + 1.735x S

— = robust:y=-77 +1.719x

corr = 0.995
linear R2 = 0.991

0 10000 30000 50000
True concentration

Negative intercept
(no interpretation)

Signal

4e+04

PROBLEM |

Linear fit may may uninterpretable, or wrong

8e+04

0e+00

All concentrations,
smoothed

— linear:y =-275 + 1.735x
= = robust:y =-77 + 1.719x

— smooth
corr = 0.995
linear R2 = 0.991
I I I I I I |
0 10000 30000 50000

True concentration

50000

30000

Signal

10000

0

60

No top concentration,

smoothed
o)
— linear:y =452 + 1.589x
= = robust:y =635 + 1.572x 0O
— Smooth
o (o) corr = 0.987
linear R2 = 0.973
I I I I I I |
0 5000 10000 20000 3000(

True concentration

Perception of linearity depends
on the # of concentrations

Correlation, slope and R?
do not quantify linearity



Signal

4e+04

8e+04
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PROBLEM 2

Uneqgual leverage, unequal variance

All Residuals of the linear Intensities at max
concentrations model fit concentration up by 20%
— linear:y = -275 + 1.735x 4 E% B o —— linear: y = -1784 + 2.038x
= = robust:y =-77 +1.719x g ° o o | = = robust:y =573 + 1.578x
—— smooth = g g _| — smooth
58 2 .7
. 5 -
s "'ég 28 -
L2, §§ - © o P
g i o© 8 ]
corr = 0.995 -c% ] © § —
linear R2 = 0.991 £ S © o o & ﬁsgaj 2292 0.979
| i i i i | | & 4 I I I | T I e T i i i i i i
0 10000 30000 ~ 50000 0 10000 30000 50000 0 10000 30000 50000
True concentration True concentration True concentration
High concentrations ' ' . : »
gh co ) High concentrations Moving the intensities
are influential have more variance o
produces a similarly
Low concentrations good fit

have worse fit

The fit is unduly affected by highly variable values
Poor fit at low concentrations is unnoticed



PROBLEM |

Linear fit may may uninterpretable, or wrong

Property
Mean of x
Sample variance of x
Mean of y

Sample variance of y

Correlation between xand y | 0.816

Linear regression line

Value . :
10 - S e 12 '
, - Y 3
- . i~ .
g = g = ) .-@’V N = = . c 4 o
[ __.JEF'. l,:."_
ﬁ ) 'S}__. 2 4 "'
11 e «
| <y
4 5 E 1T 12 14 5 IE 4 6 8 10 2 14 16 18
! X-
7.50 1 @
4 . 1 25 122 - - - 12 ."-
10 - " -7
o &
3.00 + 0.500 1 .
y - . + . x 4 1
4 5 E 1D 12 14 5 IE 4 6 8 10 2 14 16 18
X3 Xs

Anscombe quartet: all datasets have same
means, variances, correlations and R?

https://en.wikipedia.org/wiki/Anscombe?%?2 /s_quartet
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DATASAU RUS

X Mean:

Y Mean:

X SD
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All datasets have same means, variances, correlations and R?

https://www.autodeskresearch.com/publications/samestats
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ZOOM INTO LOW CONCENTRATIONS

High R2 does not always mean good fit

1201 —Linear:y =3 + 0.246 x
6-
corr = 0.997
801 linear R2 =0.993
= =
@ D M
C -
2 2
L= k=
401
2-
O_
0 100 200 300 400 500 0 5 10 15 20
Spiked Concentration Spiked Concentration
Zoom out Zoom in

Calibration experiment, SRM , CPTAC



PROPOSED APPROAC

Canonical calibration curve + resampling (bootstrap)

1.5e+071 1.5e+09;
A - -
—90% prediction —90% prediction
Bootstrap samples Bootstrap samples
—Mean bootstrap —Mean bootstrap

=
‘w0
E 1.0e+07; 1 00400
= = 2
- = =
® 5 g
-] c c
) = £
8 5.0e+061 5.0e+08:
=
ﬂ )

S 8 @) o \ $

0] © g g > 0.0e+00;1 0.0e+00:

C=0 o : 0 100 200 300 0 10000 20000 30000
3lank sample C=Spiked concentration Concentration Concentration

v Intercept + Noise;;
Yo Intercept + Slope x (C; — Change) + Noise;;, if C; > Change

The nonlinear fit expresses uncertainty in change point location
Yields more accurate & conservative figures of merit
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% Error

DVANTAG

-S OF NON-LINEAR REGRESSION

More accurate & conservative figures of merit

Linear Logistic  Proposed

= OB
=2LOD

Simulation

LOB/Linear LOB

' -I:’Ogrlasc;[g:ed . : - 7,

LOD/Linear LOD

: s
g
! .

. g .
....:.. 0- [ ] .:. [ ]
< S - N O T WO O N ® < S N O T 0 ON ©
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Experimental datasets

Galitzine et al., Molecular and Cellular Proteomics, 2018
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OUTLIN

* Motivating example
»  ABRF IPRG study

« MSstats

Statistical relative quantification of proteins and peptides

Methods evaluation

« Extensions to MSstats

* Assay characterization

System surtability and quality control

6/




MSIEXPERIMEN

Analytical method validation

System suitability testing

Experimental design

Data acquisition
Quality control

-

Data processing

Statistical analysis

Conclusions and reporting

IS

ICIAN'S VI

-W

Longitudinal monitoring:
+ Standards before collecting data

Longitudinal monitoring:
+ Standards while collecting data
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E. Dogu et all Molecular and Cellular Proteomics, 201 7.
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Statistical process
control

Monitor longrtudinal profiles
of a standard (e.g. peak area)

monitor mean

«—— monitor standardized
mean

monitor variation
moving range

Detects large
changes




Mean signal

Mean signal

CUMSUMm chart
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Multi-chart summary

Decision map: sustained drift in mean
Retention time = . . ' . . lsf:;mg
time

Decision map: sustained drift in variance
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Retention time . ‘ | . Bra:s
o

Warning
time
River plots: sustained drift in mean & variance Radar plots: sustained drift in mean & variance
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E. Dogu et all Molecular and Cellular Proteomics, 201 7.
71



TAKE-AWAY

Statistical mindset is key for reproducible MSI research

Not Repeatable Reproducible Repeatable

repeatable data analysis data analysis experiment

Publication Same results Same resulls with Same results
only with same data slightly different with new

analysis steps data analysis experiment &

steps same subjects

Reproducible
experiment

Same resulls
with new
experiment &
new subjects

Statistical software:

Data analysis:
e Statistical modeling to handle variation

Experimental design:
® Selection of condrtions/subjects/replicates

e SOP for the entire workflow

* Documentable, automated re-analysis workflows

® Fully transparent, open algorithms and code

® Assay characterization, system suitability, QC
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