Data processing and
Interpretation
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Overview

A Stages in data processing
I Instrument performance and data quality
I Protein identification (Important parameters)
I Keeping Type | / Il errors in check (FDR analysis)
I Data normalization
| Statistical analysis and validation
I Biological annotation

A Example data




What can go wrong?

You identify a protein being significant where
there is In fact no significant difference

False positive Type | error

a

You fail to identify a protein being significant
where there Is In fact a significant
difference

[ False negative ]
Type Il error

b

Kathryn Lilley, Cambridge Centre for Proteomics



Continuously monitor instrument performance
Explore your data
Use visualization tools to get a global picture

Quality control (QC) and assessment (QA): look for

Issues of runs/spectra (QC) and possibly remove bad
data (QA)

QC is an important feedback about the wet lab. process
and machine settings. Can be used to optimize sample
processing.



Monitoring instrument performance: Skyline

ASkyline
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Method optimization and data qualit monltor
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20-25sec PWB =
9-11 Data points / peak ) _

1 MS1 x 250msec
40 MS2 x 50msec
Totalacc = 2.25sec
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Protein Identification

Sample . Data Data

collection “preparation acquisition processing Hetfieelon
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Protein ID steps

A Search parameters

A Which Database to use

A What if there is no available Database
A FDR



Search parameters and DB choice

"N PEAKS Search

A Search parameters: ... ,

Error Tolerance

[ ]
I E rro r to I e ran Ce Parention: | 15.0 ppm « | using monoisotopic mass - Fragment ion: 0.1 Da

Enzyme

I Enzyme & Specificity = Sj=y

Allow non-specific deavage at |both « | ends of the peptide.

I- M O d |f| C atl On S. Maximum missed cleavages per peptide: 155

Aconstantvsvariable ) oo =
| switch type |

A Database choice:
i Use noaredundant Db with species of interest

@) Select database Datsbasze: Uniprot_HSapiens_Contams_HIV_mAbs

I DO NOT use a naedudant- AOoN- specles based D

Nigh number of FALSEEE .~ v o ammes -
I IF no Db available: use«lalaofcol@sest related specie

7| Find unspecified PTMs and commo s with PEAKS PTM | Advan dSthgl

Find more mutations with SPIDER



False Discovery Rate (FDR)

A Search engines provide estimate of how likely an ID is to be TRUE
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False Discovery Rate (FDR)

A FDRAnR estimate of the number of false positive identifications contained in a
database search result at a given score threshold. FDR can be estimated at the
PSM, peptide and protein levels

A FDR calculated using Decoy Database approach

I Search against a reversed or randomized database = NO REAL SEQUHENECESs = FALSket
i FDR =# Decoy (False) hits / # Target (Real) hits

Results List
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Volker Kruft, ABSciex
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Global vs. Local False Discovery Rates

Local FDR
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Normalisation

Normalisation refers to the division of multiple sets of
data by a common variable in order to negate that
variable's effect on the data, thus allowing underlying
characteristics of the data sets to be compared
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(b) A significant difference (c) Not a significant differenc
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A Noise Variability of groups Pa | Medium

A

Comparing Two Samplestést)

(Graphical interpretation)

Signal Difference between group means

X, - X e varlablllty(}

groups.
p-value: probability of error in rejecting

hypothesis of no difference between the
two groups

If the p-value is low, chances are there \
be little overlap between the two
distributions. If the pvalue is high, there
will be a fair amount of overlap betweer
the two groups.

p-value = area under the curve
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Low
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Volker Kruft, ABSciex
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In univariate testing, each test is
Independent, if you accept data with p
scores of 0.01 then there is 1% chance
that the data is erroneous.

Across 1000 independent tests (i.e. spots on
gels) 10 will therefore be false positives!!



A Family wise error rate (FWE®gontrols the
probabllity of one or more false rejections (type |
error) among all tests conducted

I e.g. Bonferroni correctiog just takes p scores into
consideration and is often too conservative

A False discovery rate (FDR) a list of rejected
nypotheses, FDR controls the expected
oroportion of incorrectly rejected null hypotheses
(type | errors).

I Looks at underlying structure of data. This method is
more tolerant of weak associations between elements
within a data set




Numerical Interpretation (Significance)

O Practical significance (FDR)
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Knowing which proteins are differentially expressed is not enough

Need information on protein properties (function / process / localization)
to infer biological significance

When only few proteins are differentially expressed can look up properties
one at a timeeg. Uniprot, ExpasyBrenda, PMN

T http://www.uniprot.orqg/
T http://www.expasy.org/
.
i

http://www.brenda-enzymes.orqg/
http://www.plantcyc.org/about/general information.faces

BUT Biology is about networks so need to understand how differentially
expressed proteins interact with each other
I GO (Gene Ontology) enrichment: Annotates data with cellular component /
molecular function / biological process
A Determines which GO terms appear more frequently than expected by chance

A KEGG, DAVIBgactomeCytoscapeVisualize molecular interactions and biological
interactions

A https://david.ncifcrf.gov/home.jsp

A http://www.cytoscape.org/what_is_cytoscape.html
A http://www.reactome.org/PathwayBrowser/#/

A http://www.kegq.jp/keqg/
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