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WHY STATISTICS?
• Variation and uncertainty are unavoidable

• Technical variation: sampling handling, storage, processing
• Instrumental variation: matrix effects, ion suppression
• Signal processing: peak boundaries, identity, intensity
• Biological variation: variation in protein abundance 

• Overall goal: effective, reproducible research
• Experimental design: unbiased and efficient experiments
• Data analysis: objective conclusions in presence of uncertainty
• Statistical software: re-analysis, peer review
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OUTLINE

• Motivating example
• ABRF iPRG study

• MSstats
• Statistical relative quantification of proteins and peptides
• Methods evaluation

• Extensions to MSstats
• Assay characterization
• System suitability and quality control

 3



ABRF IPRG STUDY 2015

Samples
Name Origin Molecular Weight 1 2 3 4

A Ovalbumin Chicken Egg White 45KD 65 55 15 2
B Myoglobin Equine Heart 17KD 55 15 2 65
C Phosphorylase b Rabbit Muscle 97KD 15 2 65 55
D Beta-Galactosidase Escherichia Coli 116KD 2 65 55 15

E Bovine Serum Albumin Bovine Serum 66KD 11 0.6 10 500
F Carbonic Anhydrase Bovine Erythrocytes 29KD 10 500 11 0.6

1

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

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

Detection of differentially abundant proteins
in controlled mixture

◆ Three technical replicates per sample
◆ Thermo nLC 1000 system
◆ 110-min linear gradient 

◆ DDA profile mode in Orbitrap
◆ Data processing with Skyline



DIVERSE SUBMISSIONS
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INPUT, PROTEIN NUMBER, 
AND CHOICE OF QUANTIFICATION
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ACCURACY OF DETECTING DIFFERENTIAL 
ABUNDANCE
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ACCURACY OF ESTIMATING FOLD CHANGE
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USER EXPERTISE IS KEY

SUMMARY OF 
SUBMISSIONS
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USER EXPERTISE IS KEY

Positive predictive value = 

# true differentially abundant proteins 

# claimed differentially abundant proteins 

Good

Bad

Very bad
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MaxQuant and Perseus
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Skyline and linear 
modeling in R
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OUTLINE

• Motivating example
• ABRF iPRG study

• MSstats
• Statistical relative quantification of proteins and peptides
• Methods evaluation

• Extensions to MSstats
• Assay characterization
• System suitability and quality control
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MOTIVATION: A LABEL-FREE EXPERIMENT �16
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Figure 1: Study of breast cancer cell lines. Two cultures from two breast cancer cell lines (MCF7, Hs578T)
were observed under an oxygen treatment (normoxia, hypoxia) for two periods of time (6 and 24 hours). We
refer to each combination of these treatments as condition. Separate cultures were grown in each condition,
therefore the experiment had a 3-way factorial experimental design.
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Figure 2: Study of subjects with osteosarcoma. Chemotherapy treatment was administered at weeks 1, 4, 5,
6, 9, 10, 13, 14, 16, and 17 according to the COG protocol 9754. Sample collection time points are indicated
by colored boxes. The study had a combination of a time course and a group comparison design.
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Figure 3: Exploratory data analysis in MSstats. Y-axis: Log-intensities, lines link log-intensities of LC-MS
features, averaged over all replicates. (a) Quality control: profile plot of the protein SLC44A2 in the study
of breast cancer cell lines. X-axis: all conditions. (b) Feature-level comparisons: trellis display of the protein
SLC44A2 in the study of breast cancer cell lines. X-axis: one factor (time). Each panel: a combination
of the remaining factors. (c) Feature-level comparisons for time course experiments: trellis display of the
Entrez ID 28299 of the study of subjects with osteosarcoma. Each panel: a subject. X axis: time.
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Figure 1: Study of breast cancer cell lines. Two cultures from two breast cancer cell lines (MCF7, Hs578T)
were observed under an oxygen treatment (normoxia, hypoxia) for two periods of time (6 and 24 hours). We
refer to each combination of these treatments as condition. Separate cultures were grown in each condition,
therefore the experiment had a 3-way factorial experimental design.
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Figure 2: Study of subjects with osteosarcoma. Chemotherapy treatment was administered at weeks 1, 4, 5,
6, 9, 10, 13, 14, 16, and 17 according to the COG protocol 9754. Sample collection time points are indicated
by colored boxes. The study had a combination of a time course and a group comparison design.
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Figure 3: Exploratory data analysis in MSstats. Y-axis: Log-intensities, lines link log-intensities of LC-MS
features, averaged over all replicates. (a) Quality control: profile plot of the protein SLC44A2 in the study
of breast cancer cell lines. X-axis: all conditions. (b) Feature-level comparisons: trellis display of the protein
SLC44A2 in the study of breast cancer cell lines. X-axis: one factor (time). Each panel: a combination
of the remaining factors. (c) Feature-level comparisons for time course experiments: trellis display of the
Entrez ID 28299 of the study of subjects with osteosarcoma. Each panel: a subject. X axis: time.
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Which proteins change in abundance?



CHROMATOGRAPHY-BASED 
QUANTIFICATION 

�17

As an example, Figure 1 shows representative profile plots for
one protein in experiments from three spectral acquisition stra-
tegies. Spectral features in label-free DDA experiments are pep-
tides; they have a relatively large variation and many missing
values. Spectral features in label-based experiments are grouped
into endogenous and reference measurements. Spectral features
in SRM and DIA experiments are fragments, grouped into pep-
tides. SRM experiments often present few missing values. DIA
experiments have the largest number of spectral features, which
differ in quality and variation. MSstats 2.0 takes all these differ-
ences into account. The users have choices of viewing the be-
tween-feature interferences as systematic deviations or a random
noise, specifying constant or feature-specific variation, and
imputing the missing values or filtering out poor quality features.
MSstats 2.0 contains tools for model-based diagnostics to help
specify the appropriate model.
The model is used to detect differentially abundant proteins or

peptides, or to summarize the protein or peptide abundance in a
single biological replicate or condition (that can be used, e.g. as
input to clustering or classification). MSstats 2.0 automatically
calculates the necessary linear combinations of model terms, and
produces model-based summaries for each experimental work-
flow (e.g. estimates of abundance in each subject or condition,
log-fold changes between the compared conditions, the asso-
ciated estimates of variation and the degrees of freedom).
The third step, statistical experimental design, views the dataset

being analyzed as a pilot study, uses its variance components and
calculates the minimal number of replicates necessary to achieve
a pre-specified statistical power.

2.3 Interoperability with existing computational tools

MSstats 2.0 is designed as a link between researchers with and
without statistical background. Proteomic practitioners (the pri-
mary audience of the package) have a limited familiarity with R,
and in the past this has hindered a broad adoption of R-based
implementations. Now MSstats 2.0 is available as an external
tool within Skyline (Broudy et al., 2014), a popular Graphical
user interface (GUI) tool for quantitative proteomics with41100

registered users. The external tool support within Skyline man-
ages MSstats installation, point-and-click execution, parameter
collection in Windows forms and output display. Skyline man-
ages the annotations of the experimental design and the process-
ing of raw data. It outputs a custom report that is fed as a single
stream input into MSstats. This design buffers proteomics users
from the details of the R implementation, while enabling rigor-
ous statistical modeling. MSstats 2.0 also benefits from inclusion
in Skyline community resources such as message boards, support
in tutorials and examples of publicly available datasets.
Alternatively, MSstats takes as input data in a tabular format,

produced by any spectral processing tool such as SuperHirn,
MaxQuant, Progenesis, MultiQuant, OpenMS or OpenSWATH.
For statistics experts, MSstats 2.0 satisfies the interoperability

requirements of Bioconductor and takes as input data in the
MSnSet format (Gatto and Lilley, 2012). The command line-
based workflow is partitioned into a series of independent
steps, which facilitate the development and testing of alternative
statistical approaches.

3 CONCLUSIONS

MSstats 2.0 enables both the generality and the flexibility of the
statistical analysis of a number of quantitative proteomic work-
flows. Its implementation as an external tool within Skyline
introduces rigorous statistical methodology to a broader prote-
omic community. Its Bioconductor implementation facilitates
the development of new statistical methodology, such as work
with additional novel data acquisition strategies and labeling
types.

Funding: The work was supported in part by the NSF CAREER
award 1054826 and the NSF SI2-SSE award 1047962 (to O.V).
The authors thank Hannes R €ost from ETH Z €urich for
making available the S. Pyogenes dataset, supported by the
grant ETH-30 11-2.
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Fig. 1. Visualization of one representative protein in a DDA, an SRM and a DIA experiment. Colors and shapes represent peptides, and multiple
line types of a same color and shape represent the fragments of the peptide. Vertical lines separate times or conditions. (a) Protein alcohol dehydrogenase-
yeast spiked into a complex background in six concentrations. (b) Protein ACH1, at 10 times points after a stress. (c) Protein FabG of Streptococcus,
with 0 and 10% human plasma added
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MSSTATS: CURRENT STATUS
• Statistical relative quantification of proteins and peptides

• Which protein changes in abundance?

• Complex experimental designs
• Multiple conditions, factorial experiments, paired designs, time course

• Chromatography-based quantification
• 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, OpenMS…
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WHY R?

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

• Developer:
• Large 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 

 19



MS EXPERIMENT: STATISTICIAN’S VIEW �20
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MS EXPERIMENT: STATISTICIAN’S VIEW �21
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MS EXPERIMENT: STATISTICIAN’S VIEW �22
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MS EXPERIMENT: STATISTICIAN’S VIEW �23
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MS EXPERIMENT: STATISTICIAN’S VIEW �24
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MS EXPERIMENT: STATISTICIAN’S VIEW �25

Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation
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 

http://www.msstats.org


INPUT DATA REPRESENTATION
�26



MS EXPERIMENT: STATISTICIAN’S VIEW �27

Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation

 C.-Y. Chang et al. MCP, 2012
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MS EXPERIMENT: STATISTICIAN’S VIEW �28

Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation

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

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation

 C.-Y. Chang et al. MCP, 2012
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STANDARD-BASED NORMALIZATION

 30

Assumes constant abundance of features from a standard 
• Algorithm

• 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

JD.ALD009.v5.U133A.CEL JD.ALD244.v5.U133A.CEL JD.ALD433.v5.U133A.CEL
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MEDIAN NORMALIZATION
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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
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QUANTILE NORMALIZATION

 32

Assumes constant abundance of all quantiles of log(int) of 
endogenous features 

• Algorithm
• 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                     

endogenous proteins are not affected                       
by the conditions

-- Often very aggressive

• Best practice
• Use to normalize multiple standards
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Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation
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Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

Good statistical practice: 

System suitability testing

Analytical method validation

✦ Match sources of variation 
✦ Match experimental design 
✦ Match research goal 
✦ Follow pre-defined protocol



�35PROPERTIES OF PEAK INTENSITIES VARY BETWEEN 
DATA PROCESSING TOOLS 

DIA: Bruderer 2015

0 10 20 30 40 500 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

Fr
eq

ue
nc

y

Estimated censoring threshold
Quantiles of log2(intensity)

DIA:Bruderer2015
Spectronaut

DIA:Bruderer2015
Skyline

DDA:Cox2014
Skyline

DDA:Cox2014
MaxQuant

DDA:Cox2014
Progenesis

Frequency of peaks with intensity 
reported as between 0 and 1

# peaks: 203,082
# 0s: 1,389 
# NAs: 33 

# peaks: 224,717

# NAs: 38,467 

# peaks: 56,471 
# 0s: 665 

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

# peaks: 3,544,560 
# 0s: 661,562 
# NAs: 2,566

a

b

c

d

e

27.5819.38

19.49 26.26

13.42 22.2

9.97 17.39

4.79 11.62

# NAs: 13

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

75000

50000

25000

0

662000

Log2(Intensities)

Fr
eq

ue
nc

y

60000

40000

0

20000

1000

2000

3000

0

1000

2000

0

200

400

600

800

0

# censored: 3,639

# 0s: 0

# censored: 38,577

# NAs: 0 
# censored: 1,937 

# censored: 41,127

# censored: 664,771

3000

4000

DDA: Cox 2014
P

ro
ge

ne
si

s
M

ax
Q

ua
nt

S
ky

lin
e

0 10 20 30 40 500 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

Fr
eq

ue
nc

y

Estimated censoring threshold
Quantiles of log2(intensity)

DIA:Bruderer2015
Spectronaut

DIA:Bruderer2015
Skyline

DDA:Cox2014
Skyline

DDA:Cox2014
MaxQuant

DDA:Cox2014
Progenesis

Frequency of peaks with intensity 
reported as between 0 and 1

# peaks: 203,082
# 0s: 1,389 
# NAs: 33 

# peaks: 224,717

# NAs: 38,467 

# peaks: 56,471 
# 0s: 665 

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

# peaks: 3,544,560 
# 0s: 661,562 
# NAs: 2,566

a

b

c

d

e

27.5819.38

19.49 26.26

13.42 22.2

9.97 17.39

4.79 11.62

# NAs: 13

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

75000

50000

25000

0

662000

Log2(Intensities)

Fr
eq

ue
nc

y

60000

40000

0

20000

1000

2000

3000

0

1000

2000

0

200

400

600

800

0

# censored: 3,639

# 0s: 0

# censored: 38,577

# NAs: 0 
# censored: 1,937 

# censored: 41,127

# censored: 664,771

3000

4000

S
ky

lin
e

S
pe

ct
ro

na
ut

0 10 20 30 40 500 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

0 10 20 30 40 50

Fr
eq

ue
nc

y

Estimated censoring threshold
Quantiles of log2(intensity)

DIA:Bruderer2015
Spectronaut

DIA:Bruderer2015
Skyline

DDA:Cox2014
Skyline

DDA:Cox2014
MaxQuant

DDA:Cox2014
Progenesis

Frequency of peaks with intensity 
reported as between 0 and 1

# peaks: 203,082
# 0s: 1,389 
# NAs: 33 

# peaks: 224,717

# NAs: 38,467 

# peaks: 56,471 
# 0s: 665 

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

# peaks: 3,544,560 
# 0s: 661,562 
# NAs: 2,566

a

b

c

d

e

27.5819.38

19.49 26.26

13.42 22.2

9.97 17.39

4.79 11.62

# NAs: 13

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

Fr
eq

ue
nc

y

Log2(Intensities)

75000

50000

25000

0

662000

Log2(Intensities)

Fr
eq

ue
nc

y

60000

40000

0

20000

1000

2000

3000

0

1000

2000

0

200

400

600

800

0

# censored: 3,639

# 0s: 0

# censored: 38,577

# NAs: 0 
# censored: 1,937 

# censored: 41,127

# censored: 664,771

3000

4000



�36SCHEMATIC DATA REPRESENTATION 
Repeat for every protein

Spectral features: 
technological aspects of the 

experiment

Missing values 

Log(feature 
intensities)
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�37LINEAR MIXED MODELS
A split plot approach
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Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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TMP : Parameter estimation by robust method

Summarized

. . .

. . .y

. . .

. . .yy y y y y y y y . . .

. . .

y y y y y y y y

Summarized

Condition1

Subject1 Subject2 SubjectJ
. . .

. . .

. . .y

ConditionI

Subject(I-1)J+1 Subject(I-1)+2 SubjectIJ
. . .

. . .

. . .yy y y y y y y y . . .

. . .

. . .

. . .

y y y y y y y y

Run1 Run2 Run3 Run4 Run5 Run6

Run1 Run2 Run3 Run4 Run5 Run6

^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^

^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^ ^

B

C

Run
(I-1)JK+1

Run
(I-1)JK+2

Run
(I-1)JK+3

Run
(I-1)JK+4

Run
(I-1)JK+5

Run
(I-1)JK+6

Run
(I-1)JK+1

Run
(I-1)JK+2

Run
(I-1)JK+3

Run
(I-1)JK+4

Run
(I-1)JK+5

Run
(I-1)JK+6

Run
(I-1)JK+1

Run
(I-1)JK+2

Run
(I-1)JK+3

Run
(I-1)JK+4

Run
(I-1)JK+5

Run
(I-1)JK+6

Run Run Run Run Run Run
IJKIJK-1IJK-2JKJK-1JK-2

Run Run Run Run Run Run
IJKIJK-1IJK-2JKJK-1JK-2

Run Run Run Run Run Run
IJKIJK-1IJK-2JKJK-1JK-2
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Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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AFT model : Impute censored missing values by accelated failure model

TMP : Parameter estimation by robust method
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Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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AFT model : Impute censored missing values by accelated failure model

TMP : Parameter estimation by robust method
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Tukey median polish

● 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

lo
g(
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at

ur
e 

in
t)

Run

1
2

n

1 2 12...

...

x11 x12 x1 12...
x21 x22 x2 12...

xn1 xn2 xn 12...
...

Represent features and runs in a 
sub-plot as 2-way  

Analysis of Variance
xij = featurei + runj + errorij

Addition: censored data
Impute missing values by 
assuming that they have 

intensities below detection 
threshold 

Summarization over all features in a run



�42INTERPRETING CENSORED VALUES 

Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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AFT model : Impute censored missing values by accelated failure model

TMP : Parameter estimation by robust method
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Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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AFT model : Impute censored missing values by accelated failure model

TMP : Parameter estimation by robust method
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yijkl = µ + Runijk + Featurel + ϵijkl , where
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Step 1 :  Run-level subplot summarization

Step 2 : Model-based inference by whole plot
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AFT model : Impute censored missing values by accelated failure model

TMP : Parameter estimation by robust method
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Supplementary Figure 3: The general data structure of the experiment with labeled reference
peptides. A group comparison design with technical replicates. The whole plot aspect of the
experimental design is shown in pink. The subplot is shown in yellow. y denotes the log intensity
of the observed feature in each cell. Empty cells indicate missing values.

The linear mixed e↵ect model in Supplementary Figure 4 reflects for the data structure of
label-free experiments in Supplementary Figure 3.
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Supplementary Figure 4: Linear mixed e↵ects model for the split plot design in a label-based
experiment with group comparison design.

We apply the model in Supplementary Figure 4 to the proposed approach in Figure 2. The
subplot summarization step should have two additional variables, Label and Run ⇥ Label, in the
model in order to consider labeled reference feature intensities.

Imputation step for missing values should be considered, even though SRM experiments with
isotope labeled reference have very few missing values. For label-based experiment, we consider
only endogenous intensities for imputation because we can assume that missing values for reference
intensities are random. Because reference intensities are expected to be consistent across runs,
random missing assumption for missing reference intensities is reasonable. Imputation for missing
values in endogenous intensities will be performed by the same model for label-free experiments in
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ROBUSTNESS 
TO OUTLIERS

Methods perform similarly with 
high quality data

iPRG 2015

Split plot approach for relative quantification in MS proteomic REFERENCES
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Figure 3: Profile plots with processed feature-level intensities and run-level summarized intensities
and testing results for example proteins with or without outliers from iPRG 2015 DDA dataset.
Legend for profile plot in the box of 2(A) : Gray dots show log 2 transformed and normalized feature-
level intensities individually and line means each peptide ions. Colored dots and lines show run-level
summarized intensities by di↵erent summarization methods. Tables for each protein show estimated
fold change(FC) and adjusted p-value(Adj.pvalue) across di↵erent run-level summarization methods
in rows. (A) No outlier : Protein, TIM9, has no outlier and no missing value. (B) Outliers in low
intensity : Protein, INV2, has one censored missing value and outliers in low intensities. (C)
Outliers in high intensity : Protein SIR3, has no missing value. But, there are outliers in the
highest peptide. (D) Outliers in low and high intensity : Protein ISCB, has some censored missing
values and also outliers in the features with low intensities.
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ROBUSTNESS 
TO OUTLIERS

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

model

iPRG 2015

Split plot approach for relative quantification in MS proteomic REFERENCES
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Figure 3: Profile plots with processed feature-level intensities and run-level summarized intensities
and testing results for example proteins with or without outliers from iPRG 2015 DDA dataset.
Legend for profile plot in the box of 2(A) : Gray dots show log 2 transformed and normalized feature-
level intensities individually and line means each peptide ions. Colored dots and lines show run-level
summarized intensities by di↵erent summarization methods. Tables for each protein show estimated
fold change(FC) and adjusted p-value(Adj.pvalue) across di↵erent run-level summarization methods
in rows. (A) No outlier : Protein, TIM9, has no outlier and no missing value. (B) Outliers in low
intensity : Protein, INV2, has one censored missing value and outliers in low intensities. (C)
Outliers in high intensity : Protein SIR3, has no missing value. But, there are outliers in the
highest peptide. (D) Outliers in low and high intensity : Protein ISCB, has some censored missing
values and also outliers in the features with low intensities.
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ROBUSTNESS 
TO OUTLIERS

Outliers in high intensities: 
robust summarization with 

TMP improves upon log(sum)

iPRG 2015

Split plot approach for relative quantification in MS proteomic REFERENCES
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Figure 3: Profile plots with processed feature-level intensities and run-level summarized intensities
and testing results for example proteins with or without outliers from iPRG 2015 DDA dataset.
Legend for profile plot in the box of 2(A) : Gray dots show log 2 transformed and normalized feature-
level intensities individually and line means each peptide ions. Colored dots and lines show run-level
summarized intensities by di↵erent summarization methods. Tables for each protein show estimated
fold change(FC) and adjusted p-value(Adj.pvalue) across di↵erent run-level summarization methods
in rows. (A) No outlier : Protein, TIM9, has no outlier and no missing value. (B) Outliers in low
intensity : Protein, INV2, has one censored missing value and outliers in low intensities. (C)
Outliers in high intensity : Protein SIR3, has no missing value. But, there are outliers in the
highest peptide. (D) Outliers in low and high intensity : Protein ISCB, has some censored missing
values and also outliers in the features with low intensities.
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ROBUSTNESS 
TO OUTLIERS

Outliers in both high and low 
intensities: TMP improves 

upon linear model and 
log(sum)

iPRG 2015

Split plot approach for relative quantification in MS proteomic REFERENCES
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Figure 3: Profile plots with processed feature-level intensities and run-level summarized intensities
and testing results for example proteins with or without outliers from iPRG 2015 DDA dataset.
Legend for profile plot in the box of 2(A) : Gray dots show log 2 transformed and normalized feature-
level intensities individually and line means each peptide ions. Colored dots and lines show run-level
summarized intensities by di↵erent summarization methods. Tables for each protein show estimated
fold change(FC) and adjusted p-value(Adj.pvalue) across di↵erent run-level summarization methods
in rows. (A) No outlier : Protein, TIM9, has no outlier and no missing value. (B) Outliers in low
intensity : Protein, INV2, has one censored missing value and outliers in low intensities. (C)
Outliers in high intensity : Protein SIR3, has no missing value. But, there are outliers in the
highest peptide. (D) Outliers in low and high intensity : Protein ISCB, has some censored missing
values and also outliers in the features with low intensities.
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MS EXPERIMENT: STATISTICIAN’S VIEW �53

Data processing

Statistical analysis

Experimental design

Data acquisition
Quality control

Experimental design

System suitability testing

Analytical method validation

Use the dataset to improve: 
• Subject selection: matching 
• Resource allocation: blocking 
• Calculation of sample size

Desired fold change
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MSSTATS IS OPEN-SOURCE, R-BASED
AND PUBLICLY AVAILABLE

http://msstats.org/
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www.msstats.org 

Skyline 
external tool Bioconductor

 M. Choi et al. BMC 
Bioinformatics., 2014



OUTLINE

• Motivating example
• ABRF iPRG study

• MSstats
• Statistical relative quantification of proteins and peptides
• Methods evaluation

• Extensions to MSstats
• Assay characterization
• System suitability and quality control

 56



MS EXPERIMENT: STATISTICIAN’S VIEW �57

Data acquisition

System suitability testing

Quality control

Experimental design

Analytical method validation

Data processing

Statistical analysis

Conclusions and reporting



ASSAY CHARACTERIZATION �58

● Motivating example 
◆ DIA calibration experiment 
◆ Peptide SSAAPPPPPR  

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

◆ Linear relationship is theoretically plausible 
◆ High correlation, high R2

● From the graph 
False  

perception of 
good quality

Statistical method: linear regression
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FIGURES OF MERIT

• 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 limit of 
prediction interval of curve fit
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Statistical method: linear regression
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var{ŷ}, ŷ + tn�2

↵/1 ·
q
var{ŷ}
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ŷ � tn�2

↵/1 ·
q
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Unequal leverage, unequal variance
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https://en.wikipedia.org/wiki/Anscombe%27s_quartet

PROBLEM 1
Linear fit may may uninterpretable, or wrong

Anscombe quartet: all datasets have same 
means, variances, correlations and R2

https://en.wikipedia.org/wiki/Anscombe%27s_quartet
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https://www.autodeskresearch.com/publications/samestats

All datasets have same means, variances, correlations and R2

https://www.autodeskresearch.com/publications/samestats
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2.3 Dataset DIA

An equimolar six protein digest (Bruker-Michrom) was spiked into a complex matrix (soluble S.
cerevisiae lysate digest) over four orders of magnitude (0amol, 10amol, 30amol, 100amol, 300amol,
1fmol, 3fmol, 10fmol, 30fmol). The yeast sample was reduced, alkylated, digested for an hour with
trypsin, and cleaned by dual mode solid phase extraction (Oasis MCX cartridges, Waters Corpora-
tion) after digestion. Prior to the spike-in experiments, the complex matrix was run four times to
condition the liquid chromatography column. DIA data were acquired on a Q-Exactive HF (Thermo
Fisher Scientific). The maximum fill time for an isolation window was set to 60 milliseconds. MS1
and MS2 scans were 20 acquired with resolving power 35,000 and 30,000 respectively. The AGC
target for MS1 scans was set to 1e6 ions and 1e5 ions per isolation window for MS1 and MS2 scans
respectively. A total of 20 x 20m/z non-overlapping windows were used to traverse the range from
500âĹŠ900 m/z. 1.2 µg of sample was used per injection. A 40 cm 75 µM fused silica column
packed with reversed-phase C12 Jupiter resin (Phenomenex)was used to separate the sample across
a 90-minute linear acetonitrile gradient from 0 to 25% Buffer B. Chromatography was performed
using a EASY-nLC II (Thermo Fisher Scientific) system set to a flow rate of 250 nL/min. Buffer A
was 2% ACN, 0.1% formic acid, and 97.9% water. Buffer B was 99.9% ACN and 0.1% formic acid.

2.4 Simulation: Dataset SIM

We simulated a peptide with the concentration-intensity response

Yij =

(
Intercept + Noiseij
Intercept + Slope ⇥ (Ci � Change) + Noiseij , if Ci � Change

(4)

where

Noiseij = BlankNoise �2epsilonij1+SlopeNoise C↵
i �2epsilonij2 with �2epsilonij1,2

iid⇠ N (0, 1) .
(5)

where Yij is the intensity of spectral intensities of each peptide, summarized over all the spectral
peaks generated by the peptide in concentration 0  i  9 and technical replicate 1  j  Ni with
N0 = 5 and Ni 6=0 = 4. The values of the parameters are

Ci = 0, 3, 10, 30, 100, 300, 1000, 3000, 10000 and 30000.

Intercept = 5 ⇥ 106, Slope =105, Change = 150, SlopeNoise = 2, ↵ = 2, BlankNoise = 106.
The parameters were chosen so as to mimic a typical spike-in response with a leveling off at low
concentrations (which is the systematic part of Eq. (4)). The expression for the noise is chosen to
reproduce the increase in noise with concentration that is observed. To evaluate the uncertainly
in parameter estimation by the linear models and by the proposed methods, the simulation was
repeated 100 times.

3 Implementation

3.1 Implementation of the weighted linear regression

We now highlight a few key points of the computational implementation of the method which is
summarized in pseudo-code 1. First, the variance of I for each unique concentrations of the data is

6
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PROPOSED APPROACH
Canonical calibration curve + resampling (bootstrap)

The nonlinear fit expresses uncertainty in change point location
Yields more accurate & conservative figures of merit
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Figure 5
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ADVANTAGES OF NON-LINEAR REGRESSION
More accurate & conservative figures of merit

Simulation Experimental datasets

Galitzine et al., Molecular and Cellular Proteomics, 2018



OUTLINE

• Motivating example
• ABRF iPRG study

• MSstats
• Statistical relative quantification of proteins and peptides
• Methods evaluation

• Extensions to MSstats
• Assay characterization
• System suitability and quality control

 67



MSI EXPERIMENT: STATISTICIAN’S VIEW �68

Data acquisition

System suitability testing

Quality control

Experimental design

Analytical method validation

Data processing

Statistical analysis

Conclusions and reporting

Longitudinal monitoring: 
✦ Standards before collecting data

Longitudinal monitoring: 
✦ Standards while collecting data
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E. Dogu et all Molecular and Cellular Proteomics, 2017.
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Multi-chart summary

River plots: sustained drift in mean & variance
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Decision map: sustained drift in mean

Decision map: sustained drift in variance
time

time

Peak area 
Retention time

Peak area 
Retention time

E. Dogu et all Molecular and Cellular Proteomics, 2017.



TAKE-AWAY
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Statistical mindset is key for reproducible MSI research

Statistical software: 
•Documentable, automated re-analysis workflows
•Fully transparent, open algorithms and code 

Data analysis: 
•Statistical modeling to handle variation
•Assay characterization, system suitability, QC 

Experimental design: 
•Selection of conditions/subjects/replicates
•SOP for the entire workflow



Henry Lam 
Eugene Kapp 
Brett Phinney 
John Cottrell 

Michael Hoopman 
Sangtae Kim 

Thomas Neubert 
Magnus Palmblad 

Sue Weintraub

ACKNOWLEDGEMENTS
�73

Northeastern 
University ETH 

Zurich
Kylie Bemis 
Meena Choi 

Dan Guo 
Sicheng Hao 
April Harry 
Ting Huang 

Cyril Galitzine 
Robert Ness 
Sara Taheri 

Tsung-Heng Tsai 

University of 
Washington
Michael MacCoss 
Brendan MacLean 
Jarrett Egertson 

Ruedi Aebersold 
Tiannan Guo 

Ruth Huttenhain 
Paola Picotti 

Silvia Surinova 
Bernd Wollscheid 

ABRF iPRG

Support:
NSF
NIH
Sternberg Chair
Canary Center
Roche
Genentech
Eli Lilly 

Mugla 
University
Eralp Dogu


