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Objectives

• Relate experimental design methods to LC-MS experiments

• Assess the impact of variation on statistical analyses and 
interpretations

• Build a conceptual foundation for the data processing and 
statistical tools contained in MSstats
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Agenda

• Translating research experiments into statistical models

• Elements of good statistical/experimental design
• Replication
• Randomization
• Blocking
• Variation

• Differential abundance tests: the t-test and the ANOVA

• Statistical power: how many samples is enough and the problem with 
blanket fold change cut-offs 

Yesterday: Group Comparisons natively within Skyline
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General analysis approaches for proteomics 
experiments

5Ruggles 2017
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Today’s focus: 
Class comparison, differential analysis

9Vitek



Statistical design of experiments:
From data collection, to analysis, to interpretation

10Oberg & Vitek 2008 
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Agenda

• Translating research experiments into statistical models

• Elements of good statistical/experimental design
• Replication
• Randomization
• Blocking
• Variation

• Differential abundance tests: the t-test and the ANOVA

• Statistical power: how many samples is enough and the problem with 
blanket fold change cut-offs 

Earlier Today: Group Comparisons natively within Skyline
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Take-Home Messages
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•Replication is best when biological

•Block what you can

•Randomize what you can’t block

•Include all sources of variation in models



Randomization is easy for experiments, and less so for observational 
studies

15Oberg & Vitek 2008 



Example of randomization failure
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Proteomic profiles of 5 cancer types… expected 5 

groups, but analysis suggests six… what 

happened?

Hu 2005



Example of randomization failure

17Hu 2005

Run order
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Randomization addresses random-chance variance, 
blocking helps address planned, systematic 

variability

Example: blocking across time to control for variation due to instrument drift

Healthy (n=4)

Disease (n=4)

Oberg & Vitek 2008 
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Randomization addresses random-chance variance, 
blocking helps address planned, systematic 

variability

Example: blocking across time to control for variation due to instrument drift



20Hicks et al 2015
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Example of blocking failure
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Proteomic profiles of 2 cancer types…

so this clustering checks out?

Protocol A
Protocol B

Cancer types were perfectly 

confounded with protocol used.



The most basic experimental design:
Completely randomized design with one replicate
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•Advantages: easy to set up, simple analysis, flexible

•Disadvantages: must be able to randomize all 
sources of variation (temporal or spacial)
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Blocking designs that are balanced (all treatment 
comparisons are made with equal precision)

• Advantages: includes blocking to 
deal with heterogeneity between 
experimental units, 
straightforward statistical analysis

• Disadvantages: limited by block 
size (number of experimental 
units in each block must be the 
same as the number of 
treatments)

Oberg & Vitek 2008 
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• Advantages: allows for smaller 
blocks than the RCB, still a 
balanced design

• Disadvantages: range of available 
designs is limited (treatments 
must all have equal replication, 
and each pair of treatments must 
occur together within a block 
exactly the same number of times 
over the whole experiment)

Blocking designs that are balanced (all treatment 
comparisons are made with equal precision)

• Advantages: includes blocking to 
deal with heterogeneity between 
experimental units, 
straightforward statistical analysis

• Disadvantages: limited by block 
size (number of experimental 
units in each block must be the 
same as the number of 
treatments)

Oberg & Vitek 2008 
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Example constructions for 
Balanced Incomplete Block Designs

Note: treatments must all have equal replication, and each pair of treatments must 
occur together within a block the same number of times over the whole experiment

Here, the reference sample is of no 
scientific interest in the study, but adds 

experimental noise to the data to 
control the between-experiment 

variation

Here, the aim is to compare treatment 
conditions and there is no need for a 

control because each treatment is 
compared directly with another

Oberg & Vitek 2008 



Thought exercise: 
How should these eight samples be blocked?
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Population Sample Blocks
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Replication assesses variation due to random chance, 
ensures reliability of conclusions 

Oberg & Vitek 2008 
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Coming up…

“How many replicates is enough?”

Replication assesses variation due to random chance, 
ensures reliability of conclusions 



What are common sources of variation in proteomics? How 
can they be avoided or at least accounted for?

33Van den Broek et al 2014

Bias: systematic errors in our conclusions



Agenda

• Translating research experiments into statistical models

• Elements of good statistical/experimental design
• Replication
• Randomization
• Blocking
• Variation

• Differential abundance tests: the t-test and the ANOVA

• Statistical power: how many samples is enough and the problem with 
blanket fold change cut-offs 

Earlier Today: Group Comparisons natively within Skyline
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Differential abundance by the two-sample t-
test
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𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑡 =
𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑜𝑓 𝑔𝑟𝑜𝑢𝑝 𝑚𝑒𝑎𝑛𝑠
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Multiple two-sample t-test for more 
complex experimental designs
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https://www.nature.com/articles/nmeth.297

4

https://www.nature.com/articles/nmeth.2974



Multiple two-sample t-test for more 
complex experimental designs
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https://www.nature.c

om/articles/nmeth.29

74

https://www.nature.com/articles/nmeth.2974



Multiple two-sample t-test for more 
complex experimental designs

40https://www.nature.com/articles/nmeth.2974

But these error bars overlap?



Absence (or presence) of error bar overlap does not always mean 
statistical significance

41

Error bar width and interpretation of 

spacing depends on the error bar 

type

Scaled error bars, 

Unequal p-values

Unscaled error bars, 

Equal p-values

https://www.nature.com/articles/nmeth.2659



One-way ANOVA as an alternative to 
multiple two-sample t-tests
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Recall multiple two-sample t-test approach

https://www.nature.com/articles/nmeth.2974



One-way ANOVA as an alternative to 
multiple two-sample t-tests
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One-way ANOVA approach

Recall multiple two-sample t-test approach

https://www.nature.com/articles/nmeth.3005



One-way ANOVA as an alternative to 
multiple two-sample t-tests
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One-way ANOVA approach

Recall multiple two-sample t-test approach

https://www.nature.com/articles/nmeth.3005



One-way ANOVA as an alternative to 
multiple two-sample t-tests
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One-way ANOVA approach

Recall multiple two-sample t-test approach

https://www.nature.com/articles/nmeth.3005



ANOVA approaches are powerful because they include 
known sources of variation
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Mixed effects ANOVA, with blocking

Mixed effects ANOVA, with technical replicates

Basic ANOVA, completely randomized design

Oberg & Vitek 2008 



Agenda

• Translating research experiments into statistical models

• Elements of good statistical/experimental design
• Replication
• Randomization
• Blocking
• Variation

• Differential abundance tests: the t-test and the ANOVA

• Statistical power: how many samples is enough and the problem with 
blanket fold change cut-offs 

Earlier Today: Group Comparisons natively within Skyline

47



Statistical significance is only part of the 
data science story

48

How sensitive does the 

experiment need to be?

How many replicates are 

available?
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Power analysis informs how many replicates is 
“enough” and how sensitive the experiment is

Oberg & Vitek 2008 

Biological replicates are more 

statistically useful than 

technical replicates



50Oberg & Vitek 2008 

Block to minimize 

between-block variance

Power analysis informs how many replicates is 
“enough” and how sensitive the experiment is

Biological replicates are more 

statistically useful than 

technical replicates
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Fewer targets is better 

than more

Block to minimize 

between-block variance

Power analysis informs how many replicates is 
“enough” and how sensitive the experiment is

Biological replicates are more 

statistically useful than 

technical replicates



Example of power analysis: 
biospecimen cohort size in proteomics-based biomarker 

discovery and verification studies

52Skates et al 2013

100 candidates passing



Example of power analysis:
yeast proteome response to perturbation examined 

by DIA-MS
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For more information…
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Example 1: plasma proteomics in healthy vs 
salt-sensitive rat

• What statistical analysis is 
most appropriate?

• How to block the sample 
preparation?
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7 Healthy

3 technical 

replicates

7 Disease



Example 2: effect of genotype + treatment 
on cellular aging

• What statistical analysis is 
most appropriate?

• How to block the sample 
preparation?
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5 genotypes 5 treatments

5 biological 

replicates



Example 3: tissue-specific proteomics atlas
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30 subjects

8 tissues

• What statistical analysis is 
most appropriate?

• How to block the sample 
preparation?


