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Example: A label-free experiment
Question: which proteins change in abundance?
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A typical analysis workflow (also in MSstats)

Experimental design Stresses or conditions

+ Time course

M + Multiple groups
% _ + Paired design
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QC and normalization

Problem statement

+ Screening experiment
+ Confirmation experiment
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A typical analysis workflow (also in MSstats)

Experimental design
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A typical analysis workflow (also in MSstats)

Data preparation

* Formatting
* Visualization

‘/y(_\\\ * Remove artifacts
% . * Normalization
<7 ’-)) ’CE.

QC and normalization

Experimental design
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A typical analysis workflow (also in MSstats)

_ | Summarize all protein features
Experimental design in a statistical model

* Systematic variation

‘/y(—\\\ * Random variation

Verify the assumptions!
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Deviation from the reference due to

log( Expected Random
peak = reference 4+ LC-MS + condition + feature x condition +  biol. + meas.
intensity) abundance feature interaction replicate error

Yijkl = 111 + F;, + oF + (F x C)qj + SOy + Eijkl



Finding differentially abundant proteins
Simple example: one protein, one feature per protein, label-free
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Linear mixed models describe Normal distributions
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Multiple conditions allow us to better Healthy Disease
learn the extent of variation
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log( Expected Random
peak = reference + LC-MS 4 condition + feature x condition 4+  biol. + meas.
intensity) abundance feature interaction replicate error
Yijkl =  M111 + F 4+ C,; - (F x C)4j + S(C)ry + E€ijkl
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Labeled reference peptides help separate
the biological and the technological variation

Label-based SRM workflow
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log2 (intensity)

Analysis of heavy/light peak pairs

Healthy
run 1 run 2
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A || =

: :  difference of log-intensities
12 ' ofLandH

Disease

transition

average of log-intensities

T
o—© paired log-intensities
of Land H

= log-ratios of L over H

' T3

run

H L H L

Table of quant/f/ed peaks

Group 1 Group 1

Run 1 - cee Run M
Subjec Sub] ctJ .- Sub_] Subject J
(Peptide 1 Transitionl\ ( 10.21 e 10.57 - - 15.64 s 15.03
Endogenous: Transition L 10.52 e 10.92 - 15.29 e 15.68
light labeled : : e - e
peptide Peptide K Transition 1 11.76 e 11.92 - 16.22 e 16.71
\ Transition L) 11.65 e 11.09 - 16.27 cee 16.51
(Peptid | Transition 1) /19.46 o 1977 || 19.82 . 19.03 "\
Reference: Transition L 19.13 cee 19.25 - 19.67 e 19.80
heavy labeled : : e - s
peptide Peptide K Transition 1 19.26 e 19.33 - 19.58 s 19.61
Transition L 19.73 s 19.09 - 19.84 .- 19.55

Legend : | Label Geature TranS|t|on/Pept|d(9 (Group) ( Run ) ( Subject )
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A full linear mixed model for an experiment with 12

labeled reference peptides
Example: ovarian cancer dataset

overall ) by run by random
= subject 4+ feature+ run
mean T or T J ™ ™ T feature feature error
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Model log2(int) instead of ratios light/heavy
‘Run’ pairs endogenous and reference transitions from a same run



Check model assumptions 13
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A typical analysis workflow (also in MSstats)

Experimental design Model-based group comparisons

+ Quantify the uncertainty
_‘,fy(_\\\ + Adjust p-values to control FDR
c‘)) P -1 z

QC and normalization

Relative protein quantification
+ In one sample
+ In one condition
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C.-Y. Chang et al. MCP, 2012
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A typical analysis workflow (also in MSstats)

Experimental design

g*l) P -l z
| | N @ ,n|l|¢’_| ,

QC and normalization

Statistical modeling

Model-based
conclusions

Experimental design

Model-based group comparisons
+ Quantify the uncertainty
+ Adjust p-values to control FDR

Relative protein quantification
+ In one sample
+ In one condition

Color Key
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(sign) Adjusted p-value

Heatmap:
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A typical analysis workflow (also in MSstats)

Experimental design

QC and normalization

Statistical modeling

Model-based
conclusions

Experimental design

Model-based group comparisons
+ Quantify the uncertainty
+ Adjust p-values to control FDR

Relative protein quantification
+ In one sample
+ In one condition

Model-based estimated
log-abundance
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Model-based conclusions

Comparisons between conditions are estimated by
linear combinations of model terms

Deviation from the reference due to

log( Expected Random
peak = reference + LC-MS + condition -+ feature X condition 4+  biol. + meas.
intensity) abundance feature interaction replicate error
Yijkl = K111 + F + C - (F x C);; + S(C)i() + €ijkl
hypoxia hypoxia
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A typical analysis workflow (also in MSstats)

Experimental design

Use the dataset to improve:
> * Subject selection: matching
* Resource allocation: blocking

S;D ) —10 2 . .
G v % £l  Calculation of sample size

QC and normalization

150

.\ - = FDR: 1% of changes
-‘ . gI_DRlz 5f0%t of changes
7] — Single feature
S \
Statistical modeling S g+
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Experimental design 1.1 1.2 1.3 14 15
P S Desired fold change



Statistical power = P(detect change) = 0.8

Linear mixed effects models are required to
calculate the sample size and the power

Sample size = 3
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o : G =
mil \ - = FDR: 1% of changes L
. - FDR: 50% of changes
\. —— Single feature I % © |
S \ SS
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Q ch = o | Number of replicates is 3
S C/) Q Number of peptides is 3
% ® Number of transitions is 3
H o- ‘8 = FDR is 0.05
1.1 1.2 1.3 1.4 1.5 i 4 12 13 14 15 16 17
desired fold change desired fold change
Need to know in advance:
q - the False Discovery Rate
mg/m; - anticipated ratio of unchanging features
B - statistical power (i.e. probability of a true positive discovery)
Oberg and A - anticipated (log-) fold change
Vitek, JPR,
2009 o 4, and of..o- anticipated variance




