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Course Content

• Principles of Mass Spectrometry

• Types of Quantitative MS

• Processing MS Data

– Running searches

– Evaluating Quality Control

• Analysing MS Data in R

– General proteomics with R
• Data import

• Quality control

• Quantitation and normalisation

• Imputation

• Visualisation and exploration

• Differential abundance

– Automated analysis with MSstats



Related Courses

• Introduction to R

• Advanced R

• GGplot

• Statistics with R

• Interpreting Gene Lists



Principles of Proteomics 
Mass Spec



How mass spectrometers work
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A typical mass spectrum

http://www.ionsource.com/tutorial/protID/spectralmatching_mascot.htm



Measuring whole proteomes

• Whole proteins are so complex they 
are difficult to identify when 
processed whole

• Proteome samples are typically too 
complex to put all proteins into the 
machine at the same time

• Need to find a way to measure data 
for a complex proteome



"Bottom-up" proteomics
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Mass Spectrometry

SILAGVK 686Da

KVGALIS 686Da

VLAGISK 686Da

Just knowing a peptide's mass isn't enough to identify it



Tandem Mass Spectrometry
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Peptide MS2 Spectra

https://iomics.ugent.be/ms2pip/

Observed

Theoretical

Searches are not performed by inferring sequence from spectra, 
but by scoring matches to predicted spectra



Measuring Modifications

• Acetylation

• Formylation

• Met Oxidation

• Phosphorylation

• Ubiquitination

• Glycosylation



Problems with bottom up proteomics

• Too many peaks for MS2
– More LC Separation 

(longer run time)

– Select some peaks 

(ignore others)

– Mix peaks for MS2

(messy data)

LC Column
MS1 Peptide 

Spectrum
MS2 Fragment 

Spectra
Peptide Mix



DDA vs DIA

Data Dependent Acquisition (DDA)

• Pick the strongest peaks from MS1

• Pass them individually to MS2

• Clean MS2 spectra

• Smaller peaks missed – lower coverage

• Different peaks picked in each run
– Missing values

– Noise

Data Independent Acquisition (DIA)

• Pick all peaks from MS1 (MZ range)

• Pass them simultaneously to MS2

• Mixed MS2 spectra

• More difficult spectrum matching

• Higher coverage

• More complete coverage



DIA vs DDA

DDA

DIA



Identifying Proteins 
from spectra



Database Searching

• Protein Identification (with confidence)

• Abundance Quantitation

• Downstream analysis



https://www.uniprot.org/proteomes



Keratin
(human, sheep)

Cow Proteins
(Cell Culture Medium, BSA)

Trypsin
(or Lys-C)

Amylase (Saliva)   Rubber Proteins (gloves)   Weight Markers   Proteomics 
Standards   Pepsin   Caesein FLAG/HA   Streptavidin

cRAP protein sequences
The common Repository of Adventitious Proteins

https://www.thegpm.org/crap/



Database Searching

Take all proteins from 
your species of interest

Generate Peptide 
Spectral Library

Shuffle Peptide 
Sequences

Generate Peptide 
Spectral Library

Search for peptide spectrum 
matches (PSMs)



Protein Libraries

>P05067 Amyloid-beta precursor protein
MLPGLALLLLAAWTARALEVPTDGNAGLLAEPQIAMFCGRLNMHMNVQNGKWDSDPSG
TKTCIDTKEGILQYCQEVYPELQITNVVEANQPVTIQNWCKRGRKQCKTHPHFVIPYR
CLVGEFVSDALLVPDKCKFLHQERMDVCETHLHWHTVAKETCSEKSTNLHDYGMLLPC
GIDKFRGVEFVCCPLAEESDNVDSADAEEDDSDVWWGGADTDYADGSEDKVVEVAEEE
EVAEVEEEEADDDEDDEDGDEVEEEAEEPYEEATERTTSIATTTTTTTESVEEVVREV
CSEQAETGPCRAMISRWYFDVTEGKCAPFFYGGCGGNRNNFDTEEYCMAVCGSAMSQS
LLKTTQEPLARDPVKLPTTAASTPDAVDKYLETPGDENEHAHFQKAKERLEAKHRERM
SQVMREWEEAERQAKNLPKADKKAVIQHFQEKVESLEQEAANERQQLVETHMARVEAM
LNDRRRLALENYITALQAVPPRPRHVFNMLKKYVRAEQKDRQHTLKHFEHVRMVDPKK
AAQIRSQVMTHLRVIYERMNQSLSLLYNVPAVAEEIQDEVDELLQKEQNYSDDVLANM
ISEPRISYGNDALMPSLTETKTTVELLPVNGEFSLDDLQPWHSFGADSVPANTENEVE
PVDARPAADRGLTTRPGSGLTNIKTEEISEVKMDAEFRHDSGYEVHHQKLVFFAEDVG
SNKGAIIGLMVGGVVIATVIVITLVMLKKKQYTSIHHGVVEVDAAVTPEERHLSKMQQ
NGYENPTYKFFEQMQN

REAL
>P05067_REV
NQMQEFFKYTPNEYGNQQMKSLHREEPTVAADVEVVGHHISTYQKKKLMVLTIVIVTA
IVVGGVMLGIIAGKNSGVDEAFFVLKQHHVEYGSDHRFEADMKVESIEETKINTLGSG
PRTTLGRDAAPRADVPEVENETNAPVSDAGFSHWPQLDDLSFEGNVPLLEVTTKTETL
SPMLADNGYSIRPESIMNALVDDSYNQEKQLLEDVEDQIEEAVAPVNYLLSLSQNMRE
YIVRLHTMVQSRIQAAKKPDVMRVHEFHKLTHQRDKQEARVYKKLMNFVHRPRPPVAQ
LATIYNELALRRRDNLMAEVRAMHTEVLQQRENAAEQELSEVKEQFHQIVAKKDAKPL
NKAQREAEEWERMVQSMRERHKAELREKAKQFHAHENEDGPTELYKDVADPTSAATTP
LKVPDRALPEQTTKLLSQSMASGCVAMCYEETDFNNRNGGCGGYFFPACKGETVDFYW
RSIMARCPGTEAQESCVERVVEEVSETTTTTTTAISTTRETAEEYPEEAEEEVEDGDE
DDEDDDAEEEEVEAVEEEEAVEVVKDESGDAYDTDAGGWWVDSDDEEADASDVNDSEE
ALPCCVFEVGRFKDIGCPLLMGYDHLNTSKESCTEKAVTHWHLHTECVDMREQHLFKC
KDPVLLADSVFEGVLCRYPIVFHPHTKCQKRGRKCWNQITVPQNAEVVNTIQLEPYVE
QCYQLIGEKTDICTKTGSPDSDWKGNQVNMHMNLRGCFMAIQPEALLGANGDTPVELA
RATWAALLLLALGPLM

DECOY

Decoy libraries can be reversed or shuffled



Peptide Spectrum Matches

MS1 Base Peak

MS2 Fragments

>P05067
MLPGLALLLLAAWTARALEVPTDGNAGLLAEPQIAMFCGRLNMHMNV
QNGKWDSDPSGTKTCIDTKEGILQYCQEVYPELQITNVVEANQPVTI
QNWCKRGRKQCKTHPHFVIPYRCLVGEFVSDALLVPDKCKFLHQERM
DVCETHLHW

>P90210
MAVCGSAMSQSLLKTTQEPLARDPVKLPTTAASTPDAVDKYLETPGD
ENEHAHFQKAKERLEAKHRERMSQVMREWEEAERQAKNLPKADKKAV
IQHFQEKVESLEQEAANERQQLVETHMARVEAMLNDRRRLALENYIT
ALQAVPPRPRHVFNMLKKYVRAEQKDRQHTLKHFEH

Find peptides with masses close 
to the parent peak

Hundreds of candidates



Scoring a PSM match

Count Overlaps (Andromeda - MQ) Correlate intensities (Perseus – PD)

Theoretical

Observed

Probability of finding n matching peaks 
out of k theoretical peaks when taking the 

top p peaks in the spectrum

https://pubs.acs.org/doi/10.1021/pr101065j https://pubs.acs.org/doi/10.1021/pr800420s

Correlate intensities by mass for true masses and 
masses shifted +/- 75Da

Difference between the true correlation and 
the average mass shifted correlation

Theoretical

O
b

se
rv

ed



Estimating PSM confidence

Search against combined real + decoy database

Use the distribution of decoy hits to calculate a false discovery background

PEP Score
Probability of peptide being wrongly identified

Q-value
Ratio of best Real hit to best Decoy hit



Quantitating Proteins



Label Free Quantitation

• Variation in m/z (isotopes)

• Variation in retention time (adjacent windows)

• Build a "3D" peak – measure peak area 

LC ColumnPeptide Mix

Identification of 
peptides

Quantitation of 
peptides

DOI:10.1186/1756-0381-2-4

MS1 Peptide 
Spectrum

Base Peptide Mass

MS2 Fragment 
Spectra

Fragment Masses



Measuring multiple samples

• Variability in LC performance / time

• DDA selects different peaks

• Different peptides identified

• Missing values

• How to measure consistently across samples?



MS1

Finding missing label free MS2 peaks

Sample 1 LC Time

Sample 2 LC Time

T

MS1

A  ?  C  ?MS2

?  ?  C  DMS2
A

D

Matching MS1 base peaks based on LC time and M/Z allows more consistent data collection.



Tandem Mass Tagging (TMT)

SILAGVR

DOI:10.1155/2014/767812

Multiple tags with different reporter masses
Normalisers ensure total tag masses are identical



Reporters detach leaving a separately quantifiable signal

MS2

Tandem Mass Tagging

B AR

B AR

B AR

B AR

B BR

B BR

B BR

B BR

B CR

B CR

B CR

B CR

Mix

Mix

Mix

MS1

Peptides from all samples run together with a fixed mass shift

>15 reporters available



Moving from peptides to 
proteins



Levels of quantitation

PSM
(Peptide Spectrum Match)

Peptide Protein

Data Volume



PSMs to Peptides

• One peptide can produce multiple PSMs
– Different charge states

– Different modifications

– Missed cleavage sites

• Combine the intensities for all PSMs for the same peptide
– Mean

– Trimmed mean

– Sum



Peptides to Proteins
Prot A1 Prot A2 Prot B

P1 P2 P3 P4 P1 P2 P5 P6 P7 P8 P9All Peptides

P3 P4 P5 P6 P7 P8 P9
Unique Peptides

P1 P2Razor Peptides

Assigning Razor Peptides

• Protein with most unique evidence
• Protein with highest molecular weight

Quantitative value assignment

• Mean of peptide quantitation
• Sum of peptide quantitation
• Highest peptide quantitation



Grouping Proteins

• Multiple proteins which share the same peptides are grouped 
together

• Different groups can share peptides (Razor Peptides)



Reported Values

• How many peptides were observed (unique or with razor)

• What percentage of peptides were observed (coverage)

• Missed Cleavages

Protein

P6 P7 P8 P9



Proteomics Data Files



Most common format
(>70% of PRIDE)



Information in RAW files

• Chromatography times

• Instrument settings

• Spectra (with details)

– MS1

– MS2



Data Repositories for Proteomics Mass Spec







Problems with public data

Things that are well recorded

• Mass spec collection metrics

• Organism

• Modifications

• (Search method)

Things that are NOT recorded

• Sample details

• Experimental Conditions

• Link from RAW files to samples

Finding data is simple.  Downloading RAW files is easy.  Figuring 
out which sample is which can be a complete nightmare.



Files to download

Quantitated search results

Sample metadata

Raw spectrum files



Exercise

Finding Data in Public Repositories



Running a Database 
Search



Main Information Required

• Which RAW file(s) are you analysing?

• Which sequences do you want to search against?

• Which type of quantitation are you using?

• How did you digest your peptides?

• What modifications do you expect to be present?

• Specific thresholds
– Mass accuracy

– LC time flexibility

– Statistical thresholds

Normally either left at defaults, 
or set based on the machine 
you're using



Running MaxQuant (Label Free)

• Set Data

• Set Cores

• Set Search Sequences

• Set Quantitation

• Save Parameters

• Run search



Load Raw Files

Select RAW 
files

Select Cores



Set Quantitation



Identification Parameters



Search Sequences



Saving and Running

$ ls -l mqpar.xml
-rw-rw-r-- 1 andrewss bioinf 29631 Aug 20 10:09 mqpar.xml

ssub -o mqcmd.log --cores=12 --mem=20G maxquant_cmd mqpar.xml

maxquant_cmd mqpar.xml



Log File Whilst Running
Configuring 
Assemble run info 
Finish run info 
Testing fasta files 
Testing raw files 

Feature detection 
Deisotoping 
MS/MS preparation 
Calculating peak properties 
Combining apl files for first search 
Preparing searches 
MS/MS first search 

Read search results for recalibration 
Mass recalibration 
Calculating masses 
MS/MS preparation for main search 
Combining apl files for main search 

MS/MS main search 
Preparing combined folder  
Correcting errors 
Reading search engine results 
Preparing reverse hits 
Finish search engine results 
Filter identifications (MS/MS) 
Calculating PEP 
Copying identifications 
Applying FDR

Assembling second peptide MS/MS 
Combining second peptide files 
Second peptide search 
Reading search engine results (SP) 
Finish search engine results (SP) 
Filtering identifications (SP) 
Applying FDR (SP) 
Re-quantification 
Reporter quantification 

Retention time alignment 
Matching between runs 1 
Matching between runs 2 
Matching between runs 3 
Matching between runs 4 

Prepare protein assembly 
Assembling proteins 
Assembling unidentified peptides 
Finish protein assembly 
Updating identifications 

Label-free preparation 
Label-free normalization 
Label-free quantification 
Label-free collect 
Estimating complexity 
Prepare writing tables  
Writing tables 
Finish writing tables 



Output Files

RAW files

combined

txt

evidence.txt
All of the quantified data at PSM level

summary.txt
Overall summary metrics for the run

proteinGroups.txt
Details of the proteins which were joined



Analysising Proteomics 
Data in R



Packages for Proteomics Analysis



Main Steps in Analysis
• Load Data

– Standard and Non-Standard Data formats

• Quality Control
– PSM or Protein Level

• Quantitation / Normalisation
– Also including missing value imputation

• Visualisation Exploration
– Most important part!

• Statistical Analysis
– Several Options depending upon design

Packages can make some of 
this easier, but they’re all 

different and they get harder 
if you don’t have standard 

input file formats.

None of the steps is hard 
once you know normal 

R/Tidyverse



• Only gene name
• Pre-normalised values
• Missing = 0
• Conditions in sample names
• No other metrics



• Gene IDs – no names

• Raw Intensity Values

• Missing = blank (NA in R)

• Only meaningless file names for samples

• Metadata supplied separately

• No search metrics



• Gene names plus other conventions

• Raw Intensity Values

• Missing = blank (NA in R)

• Filenames plus conditions as headers

• No search metrics



• Uniprot IDs as annotation

• TMT Log Ratios as measurements

• Missing = blank (NA in R)

• Condition names part of sample name

• Many search metrics



• Complex headers

• Uniprot IDs and Names

• Raw and Normalised Linear Intensity Values

• Missing = blank (NA in R)

• Real condition names

• No search metrics



R, Rstudio, Tidyverse, Notebooks



Notebook Structure

• Single overall text document, 
split into sections

– Header (mostly preferences)

– Body
• Commentary (default)

• R Code

• Output (graphical and text)

Header (global preferences)

Code Block1

Code Block 1 Output

Formatted Text

Code Block1

Code Block 1 Output

Formatted Text



Code

Output



Notebook sections
Header

Commentary

Code

Sections are marked by special quotes

---

--- for header

```{r}

``` for R code

Default for unquoted text is commentary



Basic Structures in R

myfunc(x, value=y) Runs myfunc using data x and y

myfunc(x,y) -> saveme Saves the output of myfunc

funca() |> funcb() Passes data from funca to funcb



Loading in Data

read_delim("evidence.txt", name_repair = "minimal") -> data

[1] "Sequence"                            "Length"                              "Modifications"                      
[4] "Modified sequence"                   "Oxidation (M) Probabilities"         "Oxidation (M) Score Diffs"          
[7] "Acetyl (Protein N-term)"             "Oxidation (M)"                       "Missed cleavages"                   

[10] "Proteins"                            "Leading proteins"                    "Leading razor protein"              
[13] "Gene names"                          "Protein names"                       "Type"                               
[16] "Raw file"                            "Experiment"                          "MS/MS m/z"                          
[19] "Charge"                              "m/z"                                 "Mass"                               
[22] "Uncalibrated - Calibrated m/z [ppm]" "Uncalibrated - Calibrated m/z [Da]"  "Mass error [ppm]"                   
[25] "Mass error [Da]"                     "Uncalibrated mass error [ppm]"       "Uncalibrated mass error [Da]"       
[28] "Max intensity m/z 0"                 "Retention time"                      "Retention length"                   
[31] "Calibrated retention time"           "Calibrated retention time start"     "Calibrated retention time finish"   
[34] "Retention time calibration"          "Match time difference"               "Match m/z difference"               
[37] "Match q-value"                       "Match score"                         "Number of data points"              
[40] "Number of scans"                     "Number of isotopic peaks"            "PIF"                                
[43] "Fraction of total spectrum"          "Base peak fraction"                  "PEP"                                
[46] "MS/MS count"                         "MS/MS scan number"                   "MS/MS scan numbers"                 
[49] "MS3 scan numbers"                    "Score"                               "Delta score"                        
[52] "Combinatorics"                       "Intensity"                           "Reverse"                            
[55] "Potential contaminant"               "id"                                  "Protein group IDs"                  
[58] "Peptide ID"                          "Mod. peptide ID"                     "MS/MS IDs"                          
[61] "Best MS/MS"                          "Oxidation (M) site IDs"              "Taxonomy IDs" 



Understanding your starting data

• Measurement level
– PSM

– Peptide

– Protein

• Protein ID  / Name / Description

• Sample Name
– Experiment Metadata

• Measured Intensity
– Linear or Log

– Raw or Normalised

• Match Type

– Direct or Matched Peak?

– Reversed match?

– Contamination match?

• Match Score (PEP, Q-Value etc)

• Retention time on LC

• Errors

– Mass Error

– Retention Error



Adding in Experimental Design

• Need to annotate conditions
– Biological condition

– Multiple Columns for more complex designs

• Might be part of Experiment name or 
imported externally

data |>
mutate(

condition = str_replace(Experiment,"_Rep.*","")
) -> data



Adding in Experimental Data

data |>
left_join(metadata) -> data



Quality Control of PSM Search Results

1. Problems during sample preparation
• Digestion failed

• Sample Contaminated

• Low sample amount

2. Problems during Chromatography
• Even amounts of data over time

• Consistent rate between experiments

3. Problems with the Mass Spec
• Poor mass accuracy

• Poor matching to reference



Are we getting decoy hits reported?
data |>
group_by(
Experiment,condition,Reverse

) |>
count() |>
mutate(Reverse = !is.na(Reverse)) |>
ggplot(
aes(x=Experiment, y=n, fill=Reverse)

) +
geom_col(position="dodge") +
coord_flip() +
facet_wrap(
vars(condition), 
scale="free_y“

)

data |>
filter(is.na(Reverse)) -> data



PEP Probability Distribution

data |>
ggplot(
aes(

x=-10*log10(PEP),
group=Experiment,
colour=condition

)
) +
geom_density() +
geom_vline(xintercept = 20)

Phred Score = -10 * log10(p) 



Match Score Distribution

data |>
ggplot(

aes(
x=Score,
group=Experiment,
colour=condition

)
) +
geom_density()



Incomplete Digestion

data |>
ggplot(
aes(

x=`Missed cleavages`,
fill=condition

)
) +
geom_bar() +
coord_flip() +
facet_wrap(vars(Experiment))



Total PSMs and Contaminants
data |>
mutate(
`Potential contaminant` = if_else(
is.na(`Potential contaminant`),
"Normal",
"Contaminant“

)) |>
group_by(
Experiment,condition,`Potential contaminant`

) |>
count() |>
ungroup() |>
ggplot(
aes(
x=`Potential contaminant`, 
y=n, 
fill=`Potential contaminant`

)
) +
geom_col(show.legend = FALSE) +
facet_wrap(vars(Experiment))



Intensity Distributions

data |>
ggplot(
aes(

x=Experiment, 
y=log10(Intensity), 
fill=condition

)
) +
geom_violin() +
coord_flip()

Check distribution shapes – check observed amounts are similar (or understand if not)



PSMs over LC Time
data |>
mutate(
`Retention time` = as.integer(`Retention time`)

) |>
group_by(
`Retention time`, Experiment, condition

) |>
count(name="Num_PSMS") |>
ggplot(
aes(
x=`Retention time`, 
y=Num_PSMS, 
colour=condition

)
) +
geom_line(show.legend = FALSE, linewidth=1) +
facet_wrap(vars(Experiment))



Mass Accuracy

data |>
ggplot(
aes(

x=Experiment, 
y=`Mass error [ppm]`, 
fill=condition

)
) +
geom_violin() +
geom_hline(yintercept = 0) +
coord_flip() 



Measured vs Inferred PSMs

data |>
group_by(Experiment, condition, Type) |>
count() |>
ggplot(
aes(
x=Experiment, 
y=n, 
fill=Type

)
) +
geom_col() +
coord_flip() +
facet_grid(
rows=vars(condition), 
scale="free_y“

)



Retention Time Matching
data |>
ggplot(
aes(
x=Experiment, 
y=`Retention time calibration`,
colour=condition

)
) +
geom_boxplot() +
coord_flip() +
facet_grid(
cols=vars(Type)

)



Retention Time Matching
data |>
unite(PSM,Sequence,Modifications, Charge,sep=":") |>
group_by(PSM) |>
filter(n() == 12 & length(unique(Experiment))==12) |>
group_by(PSM) |>
mutate(
average_time = mean(`Retention time`),
Retention_Diff = `Retention time`-average_time

)-> retention_times

retention_times |>
ggplot(
aes(

x=average_time,
y=Retention_Diff,
group=Experiment,
colour=condition

)
) +  geom_line()



PTXQC

• R package – calculates a QC report from MQ or MzTab

https://cran.rstudio.com/web/packages/PTXQC/index.html





Exercise

Quality Control of PSM data



Quantitation, 
Visualisation and 

Exploration



Loading Data (Protein Level)

read_delim("proteinGroups.txt", name_repair = "minimal") -> data

data |>
select(
`Majority protein IDs`,
`Gene names`,
`Q-value`,
`Reverse`,
`Potential contaminant`,
starts_with("LFQ Intensity ")

) -> data

data |>
pivot_longer(
cols=starts_with("LFQ intensity"),
names_to="Experiment",
values_to="Intensity“

) |>
mutate (
Experiment = str_replace(Experiment, "LFQ intensity ","")

) |>
mutate(
Condition = str_replace(Experiment,"_Rep.*","")

) |>
select(Experiment, Condition, everything()) -> data

Pick out relevant Columns Restructure and Add Condition information



Protein Level Data



Re-Check QC at Protein Level

Reverse Hits Contaminant Hits



Re-Check QC at Protein Level

Hit Qualities



Missing Values

• Very likely in LFQ experiments

• Encoded differently in different file formats
– Could be numerical zeroes

– Could be missing (NA) values

– Could just not be reported (not present in file)

• Different reasons
– Missing at random (MAR) – technical failures

– Missing not at random (MNAR) – low levels – missed observations



Missing Values

data |>
group_by(Experiment,Condition) |>
summarise(
missing_values = sum(Intensity == 0)

) |>
ungroup() |>
ggplot(
aes(

x=Experiment, 
y=missing_values, 
fill=Condition

)
) +  geom_col() +  coord_flip()



Missing Value Patterns Across Samples

data |>
group_by(`Majority protein IDs`) |>
summarise(
missing_values = sum(Intensity == 0)

) |>
ungroup() |>
group_by(missing_values) |>
count(name="Number_of_Proteins") |>
ungroup() |>
ggplot(
aes(
x=factor(missing_values),
y=Number_of_Proteins

)
) +  geom_col()



Intensity Distribution, Normalisation, Imputation

data |>
ggplot(
aes(

x=Experiment, 
y=logIntensity, 
fill=Condition

)
) +
geom_violin() +
coord_flip()

Summarisation will also add normalisation – should be more closely matched than PSMs



• Search Software

• Quantitation method

• Normalisation method

• Statistical test



Normalisation

• Using original upstream values is often optimal

• Some methods susceptible to outliers

• Some methods break with skewed data

• Some methods aim to adjust variance



Median Centering

data |>
group_by(Experiment) |>
mutate(
norm = logInt – median(logInt)

) -> data



Normalisation Methods
Original Quantitation Global (Mean) Normalisation Size Factor (Median) Normalisation



All vs All

• Distribution plot is not 
always helpful

• Unusual designs 
(especially enrichment)

• Scatterplots are always 
more informative



Imputation Methods

Lowest observation

Random Drawing

K nearest neighbours

Random forest

https://www.nature.com/articles/s41598-021-81279-4



Lowest Value Imputation

data |>
group_by(Experiment) |>
mutate(
Intensity2 = replace(

Intensity, 
Intensity==0, 
min(Intensity[Intensity != 0])

)
) |>
mutate(
logIntensity = log10(Intensity2)

) -> data_simpleimpute



Random Forest Imputation

• Missing values NA 
(not zero)

• One column per 
sample (wide not 
long)

• Protein IDs as data 
frame rownames



Random Forest Imputation

data |>
select(`Majority protein IDs`,Experiment,Intensity) |>
mutate(
Intensity=replace(Intensity, Intensity==0, NA)

) |>
pivot_wider(
names_from=Experiment,
values_from=Intensity

) |>
column_to_rownames(var="Majority protein IDs") |>
missForest()  -> data_forestimpute

data_forestimpute$ximp |>
as_tibble(
rownames="Majority protein IDs“

) -> data_forestimpute



Clustering Samples (PCA)

• Rows are samples 
– (data frame rownames)

• Columns are Proteins

• No missing values

• Use R prcomp function



Clustering Samples (PCA)
data_forestimpute |>
select(
`Majority protein IDs`,
Experiment,logIntensity

) |>  pivot_wider(
names_from=Experiment,
values_from=logIntensity

) |>
column_to_rownames("Majority protein IDs") |>
t() |>
prcomp() -> pca_result

pca_result$x |>
as_tibble(rownames="Experiment") -> pca_result

pca_result |>
left_join(data |> distinct(Experiment,Condition)) |>
ggplot(aes(x=PC1, y=PC2, colour=Condition)) +
geom_point(size=4)



Summarising Conditions

• Mean of log transformed values

– Not the same as log of original means

– Should always work on log data

data_forestimpute |>
group_by(
`Majority protein IDs`,Condition

) |>
summarise(
logIntensity = mean(logIntensity)

) |>
pivot_wider(
names_from=Condition,
values_from=logIntensity

) -> data_per_condition



Condition Scatterplots



Exercise

Visualising, Normalising, Exploring



Statistical Analysis



Statistics for Proteomics

• Intensity value is a continuous measurement

• Values are stable on a log scale

• Standard continuous statistics are applicable

– T-Test, ANOVA, Linear Models

• More specialised statistics can offer more power



Multiple Testing Correction

• Thousands of tests performed
– One for each protein

• Raw p-values only valid if only one test performed
– Some stats will correct automatically – need to check

• False positive rate will be high if many tests used

• P-value correction
– Benjamini and Hochberg False Discovery Rate

– p.adjust function in R



Testing over multiple conditions (ANOVA)

• Highly powered 
– Often over-powered

• Doesn’t say which conditions drive 
changes
– Post-hoc tests / filtering

data |>
group_by(`Majority protein IDs`) |>
anova_test(
logIntensity ~ Condition

) |>
ungroup() -> anova_results

anova_results |>
as_tibble() |>
mutate(
fdr = p.adjust(p, method="fdr")

) |>
select(
`Majority protein IDs`,DFn,DFd,fdr

) -> anova_results



Simple T-Test
(usually 2 conditions)

data |>
filter (str_detect(Experiment,"ProtTot")) |>
group_by(`Majority protein IDs`) |>
t_test(logIntensity ~ Condition) |>
as_tibble() |>
mutate(fdr = p.adjust(p, method="fdr")) |>
mutate(
significant = if_else(
fdr < 0.05, 
"Significant",
"Not Significant")

) |>
select(
`Majority protein IDs`, 
group1,group2, 
statistic, fdr,
significant

) |>
arrange(fdr) -> q1_vs_q2_t_test



Plotting Statistical Results (Heatmap)

q1_vs_q2_t_test |>
filter(fdr<0.05) |>
pull(`Majority protein IDs`) -> sig_proteins

data |>
filter (
str_detect(Experiment,"ProtTot")

) |>
filter(
`Majority protein IDs` %in% sig_proteins

) |>
tidy_heatmap(
rows=`Majority protein IDs`,
columns=Experiment,
values = logIntensity,
annotation_col = Condition,
scale="row",
cluster_rows = TRUE

)



Plotting statistical results (Volcano Plot)
data |>
filter (str_detect(Experiment,"ProtTot")) |>
group_by(`Majority protein IDs`, Condition) |>
summarise(logIntensity = mean(logIntensity)) |>
ungroup() |>
pivot_wider(
names_from=Condition,
values_from=logIntensity

) |>
mutate(Q1_Q2_difference = Q2_ProtTot - Q1_ProtTot) |>
select(`Majority protein IDs`,Q1_Q2_difference) |>
right_join(t_test_results) ->t_test_results



Plotting statistical results (Volcano Plot)

t_test_result |>
ggplot(
aes(
x=Q1_Q2_difference, 
y=fdr, 
colour=significant

)
) +
geom_point() +
scale_y_log10() +
scale_y_reverse() +
scale_colour_manual(values=c("grey","red2"))



Highlighting hits on a Scatterplot

data |>
filter (str_detect(Experiment,"ProtTot")) |>
group_by(`Majority protein IDs`, Condition) |>
summarise(logIntensity = mean(logIntensity)) |>
ungroup() |>
pivot_wider(
names_from=Condition,
values_from=logIntensity

) |>
left_join(
q1_vs_q2_t_test |> select(`Majority protein IDs`,significant)

) |>
arrange(significant) |>
ggplot(aes(x=Q1_ProtTot, y=Q2_ProtTot, colour=significant)) +
geom_point() +
scale_colour_manual(values=c("grey","red2"))



LIMMA

• More powerful quantitative statistics

• Improved estimation of biological variance in poorly measured 
samples

• Relies on predicting variance across proteins
– Magnitude of measurement

– Number of measured peptides

• Should check whether the relationship exists in your data
– Many people don’t!



Building LIMMA data
data |>
filter(str_detect(Condition,"ProtTot")) |>
select(
`Majority protein IDs`,Experiment,logIntensity

) |>
pivot_wider(
names_from=Experiment,
values_from=logIntensity

) |>
column_to_rownames("Majority protein IDs") -> limma_data



Building LIMMA Design

tibble(
Experiment = colnames(limma_data),
Control = 1,
Q1_vs_Q2 = if_else(
startsWith(Experiment,"Q1"),1,0

)) |>
column_to_rownames("Experiment") -> limma_design



Running LIMMA
lmFit(limma_data,limma_design) -> limma_fit

eBayes(limma_fit) -> limma_fit

topTable(
limma_fit,
coef="Q1_vs_Q2",
adjust="BH",
number = nrow(limma_data)

) |>
as_tibble(
rownames="Majority Protein IDs“

) -> limma_results



Volcano Comparison

T-Test LIMMA



Heatmap Comparison

T-Test LIMMA



Exercise

Statistical Analysis


