Peptide-level robust ridge regression
modeling improves both sensitivity
and specificity in quantitative
proteomics
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A story about relative protein quantification
in label-free shotgun proteomics




Outline

 Problem: reliable differential quantitation
e Solution: peptide-based models
* |Improving solution via:

1. Shrinkage estimation

2. Borrowing information across proteins

3. Weighing down outliers

Leads to:
1. Better fold change estimates

2. Better sensitivity and specificity
 Conclusions: all of the above
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Problem: how to do differential quantification?

&

For each protein:

log, MS intensity ‘ treatment + peptide + repeat
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Problem: how to do differential quantification?

Solution: 2 main ways:
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Peptide-based models are superior

Spike-in: 48 human proteins

in yeast proteome
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Daly, et al. (2008), Journal of Proteome Research, 7, (3), 1209-1217.
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Peptide-based models

A model for each protein: ?

log, MS intensity ~ intercept + treatment + peptide + repeat + error
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Peptide-based models

A model for each protein: ?

log, MS intensity ~ intercept + treatment + peptide + repeat + error
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Peptide-based models

A model for each protein: ?

log, MS intensity ~ intercept + treatment + peptide + repeat + error
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Peptide-based models

A model for each protein: e'

log, MS intensity ~ intercept + treatment + peptide + repeat + error
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Still some issues...

1. Unstable DA A yeast null protein
estimates o | -

2. Unstable I A i S
variance Bl Toa] o o o |
estimates 2.3 35@\\0‘/ . °

+= : o o
. = oo P O ©
3. Outliers go| T %
2. -
T o | —— MaxLFQ
— LM
6A 6B 6C 6D 6E
Condition




Structure of my presentation

Problem: reliable differential quantitation
e Solution: peptide-based models

* |Improving solution via:

1. Shrinkage estimation

2. Borrowing information across proteins
3. Weighing down outliers

Leads to:
1. Better fold change estimates

2. Better sensitivity and specificity

e Conclusions: all of the above
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How can we improve upons existing peptide-
based models?

Problem Solution

Unstable DA estimates 1. Shrinkage estimation

2. Unstable variance 2. Borrow information
estimates across proteins
3. Outliers 3. Weigh down outlying
peptides

This will lead to:

1. Better fold change estimates
2. Better ranking




1. Shrinkage estimation

E.g. ridge regression: minimize the following loss
function:

AN 2 A ~ ~
Z(y _ X,B) + Atreat z Btzreat + Apep 2 ,Bgep + Ainstr Z ﬁiznstr

* Penalty on the effect sizes: shrinkage toward 0

* Biased but (much) more stable estimator

e Sparse data: shrinkage A/

e As:via cross-validation or link with mixed models



2. Borrow information across proteins:

Empirical Bayes variance estimation

Data decides!
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 Stabilizes variance estimates

 Getrid of proteins with low fold changes and low

variance caused by data sparsity

More details (limma paper):

Smyth (2004), Linear models and empirical bayes methods for assessing differential expression in microarray

experiments. Stat Appl Genet Mol Biol, 3, Article3.



3. Weigh down outlying peptides

E.g. M estimation with Huber weights
Minimize the following loss function:

AN 2 A A A
Z W(y - X,B) + Atreat z IBtZreat + Apep Z ﬁgep + Ainstr Z ﬁiznstr

* Weigh down outlying observations



Results!
1. Better fold change 2. Better specificity and
estimates sensitivity

-> More accurate and
more precise

Not Accurate Accurate
and Precise




Log, fold change
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Log, fold change

1. Better fold change estimates

For differentially abundant proteins
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2. Better sensitivity and specificity

Analysis 6B vs. 6A
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Conclusions

1. Use peptide-based models

2. Our peptide-based model uses:
1. Shrinkage estimation
2. Empirical Bayes variance estimation
3. Downweighing of outliers

3. Advantages:

1. More stable fold change estimates
2. Better sensititivity and specificity
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Thank you for your attention!
Questions?




