
Cell Reports, Volume 41
Supplemental information
Activity-dependent translation dynamically alters

the proteome of the perisynaptic astrocyte process

Darshan Sapkota, Mandy S.J. Kater, Kristina Sakers, Kayla R. Nygaard, Yating Liu, Sarah
K. Koester, Stuart B. Fass, Allison M. Lake, Rohan Khazanchi, Rana R. Khankan, Mitchell
C. Krawczyk, August B. Smit, Susan E. Maloney, Mark H.G. Verheijen, Ye
Zhang, and Joseph D. Dougherty



 
Figure S1: Translationally regulated genes show enrichment in specific Gene Ontology categories, related to 
Figure 2. 
a) Exploratory GO pathway analysis of downregulated genes identifies trends for transcripts in key metabolic 
processes (e.g., mitochondrial and ribosomal transcripts) showing changes in ribosome occupancy. 
b) Exploratory GO pathway analysis of upregulated genes indicates transcripts related to cytoskeleton/actin binding, 
motor function, ion transport, and cell-cell signaling as showing robust increases in ribosome occupancy. 
Grey fonts: p < 0.05 for categorical enrichment compared to whole genome. Black fonts: p < 0.05 for categorical 
enrichment compared to only astrocyte-enriched genes. Color scale indicates significance for hypergeometric test. 
Category size is scaled to the number of genes. Arrows represent parent-child relationships in GO terms. 



 
Figure S2: Translationally regulated transcripts show distinct sequence features and recurrent motifs, related 
to Figure 2. 
a-d) Translationally upregulated transcripts have significantly longer 3’UTR and 5’UTR (a and c) and lower GC 
contents in their 3’UTR and 5’UTR (b and d).  
e) Analysis of Motif Enrichment (AME) identifies dozens of RBPs with motifs that are significantly more common 
in 3’UTRs of the down-regulated transcript list. As many motifs are highly similar across RBPs, these have been 
clustered based on Euclidian distance in families of related factors. Examples of individual motifs for prototypical 
family members shown. Motifs from RNAcompete data (Ray et al., 2013) 
http://hugheslab.ccbr.utoronto.ca/supplementary-
data/RNAcompete_eukarya/Experiment_reports/RNAcompete_report_index.html  
f) AME analysis identifies dozens of RBPs with motifs that are significantly more common in 3’UTRs of the up-
regulated transcript list. 

http://hugheslab.ccbr.utoronto.ca/supplementary-data/RNAcompete_eukarya/Experiment_reports/RNAcompete_report_index.html
http://hugheslab.ccbr.utoronto.ca/supplementary-data/RNAcompete_eukarya/Experiment_reports/RNAcompete_report_index.html


 
 
 
Figure S3: Literature mining through language processing highlights potential regulatory pathways for 
translationally regulated transcripts, related to Figure 2. 
a) Selected output of literature mining tool COMPBIO highlighting themes defined by terms co-occurring with the 
translationally regulated genes and with each other. Co-occurring terms are grouped into themes (nodes) that are 
connected by shared genes (edges).  
b-d) Relationships linking co-occurring terms within three example themes are shown. Supplemental table 6 
includes the lists of genes connected with each theme, along with the scores as determined by permutation testing of 
similar sized lists of genes.  
  



 
 
Figure S4: PTZ and neuronal cues alter astrocyte translation and size in the presence of neurons, related to 
Figures 3 and 4. 
a) Quantification of PMY intensity in GFP astrocytes. Normalized intensity was calculated by dividing PMY 
intensity by GFP area (pixels). LMM showed a clear effect of drug treatment (Df = 5 p = 1.564e-07) and region (Df 
= 1, p = 0.0045). Post-hoc pairwise tests were performed. Asterisks indicate comparison to No Treatment (Tx) 
(PMY only): **p < 0.01, *p<0.05. Nmice = 3. Ncells(condition) = 20(No Tx), 13(Anisomycin), 22(BDNF), 22(KCl), 
23(KCl + TTX), 28(PTZ). PMY levels adjusted by linear mixed model(LMM) to account for random effect of mice. 
Cells were collected from both hippocampus and cortex 
b) Quantification of GFP pixel area of cells from Figure 3a. ANOVA was performed to determine the effect of 
conditions, F(5,211) = 5.7716, p = 5.13E-5. TukeyHSD post-hoc analyses reveal a significant decrease of astrocyte 
size with: Anisomycin treatment (p < 0.001), BDNF treatment (p = 0.02), TTX treatment (p = 0.004) and a 
significant increase of astrocyte size with KCl treatment (p < 0.001). 
c) Quantification of PMY intensity in astrocytes purified as in Figure 4a. Mean intensity (signal/area) was calculated 
for individual cells. LMM showed a clear effect of treatment (Df = 3, p = 2.2e-16). Post-hoc pairwise tests were 
performed. Asterisks indicate comparison to No Treatment (Tx) (PMY only): ****p < 0.001. Ncells(condition) = 116 
(Anisomycin), 107 (No Tx, i.e., PMY only), 112 (KCl), 110 (PTZ). 
  



 
 
Figure S5: Translational inhibition blocks contextual fear recall, related to Figure 5. 
a) Schematic of fear conditioning paradigm with either cycloheximide or saline treatment. Day 1, mice are presented 
with paired foot shocks and tone. Day 2, mice are placed in the same context without any other stimulus. Day 3, mice 
are placed in a novel context and presented with the tone. Yellow squares represent cycloheximide-treated mice (n = 
14, 7M/7F), black circles signify saline-treated animals (n = 15, 8F/7M).  
b) Percent of time mice freeze during the first day of fear conditioning. Tone was paired with foot shock at minutes 3, 
4, and 5. Minutes 1 and 2 are baseline measures. 
c) Percent of time mice spent freezing in the contextual fear recall phase. CHX mice freeze less than saline: main 
effect of drug F(1,25) = 45.434, p < 0.0001. There was no effect of sex or interaction between drug and sex. 
d) Percent time freezing in a novel context. Tone was presented minutes 3 through 10 to test cued recall. Minutes 1-
2 indicate baseline freezing in the new environment. CHX-treated mice freeze less than saline with a main effect of 
treatment (F(1,25) = 5.327, p = 0.03) driven by strong differences at minutes 5 (p = 0.002) and 6 (p = 0.004). There 
was also a main effect of sex (F(1,25) = 8.149, p = 0.009).  



 
 
 



Figure S6: BinGO analysis reveals molecular functions enriched in proteins regulated by CHX treatment 
following fear conditioning, related to Figure 5 
a) GO pathway analysis of downregulated proteins identifies categories related to glycogen, carbohydrate 
metabolism and gluthionine transferase.  
b) GO pathway analysis of upregulated proteins indicates proteins related to ATPase exchange, ion transport, and 
signal transduction are significantly enriched. 
p < 0.05 for categorical enrichment compared to the full set of detectable proteins. Color scale indicates 
significance for hypergeometric test, corrected for multiple testing by Benjamin-Hochberg. Category size is scaled 
to the number of genes. Arrows represent parent-child relationships in GO terms. 
 
 
 
 
  



Beta actin:  Fwd: AGAGGGAAATCGTGCGTGAC Rev: CAATAGTGATGACCTGGCCGT 
Ppp1r9a:  Fwd: AACGTCAGATTCGTTATTGGAC Rev: CTCTTGTTCCAGGGTCTGG 
Sptb: Fwd: CTTAGAGGATGAGACGCTCTG  Rev: ACAGTTTGCAGATTAGTGCC 
Sptan1: Fwd: CATTGTGAAGCTGGACGAG Rev: ATTAAACGTGTCCGGATGGT 
Sptbn1: Fwd: TTATTAAGCGCCATGAGGC Rev: GTAGCTCCAACGTTGTCAG 
Islr:  Fwd: CAGTTTGGAGGACGTACCA Rev: TGGAAGCCATACTTCTCCC 
Mapk8ip2: Fwd: ACCACTGTGAGAAGGACAG Rev: CCTGGAAATCATCTTGGAAGG 
Mbd3: Fwd: ATGACGACATCAGGAAGCA Rev: CACATGAGCTAGCATGTCG 
CD248: Fwd: ACTTATTTGCCTCCAGTCC Rev: GATGGGCTTTAGAAGTGGT 

 
Table S8: Primers used in qPCR, related to STAR Methods 
Full sequences of forward and reverse primers used in qPCR 



MS-DAP: Mass Spectrometry Downstream Analysis Pipeline
version: beta 0.1.7.2 https://github.com/ftwkoopmans/msdap/
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Methods S1: Full Output of MS-DAP analysis of proteomics data, related to STAR Methods

https://github.com/ftwkoopmans/msdap/


1 Quality control

The quality control figures in this section investigate reproducibility and global clustering of samples by visualizing:

• number of features detected in each sample
• dataset completeness
• local effects in peptide retention time per sample
• reproducibility of peptide quantification among replicates
• PCA of all samples to visualize clustering

The first set of quality control figures describes individual samples, thereafter group-level quality metrics are
described and finally sample clustering highlights structure in the entire dataset.

1.1 number of peptides and proteins

These plots show the number of (target) peptides that are detected per sample. For DDA, ‘detected’ implies
the peptide has a MS/MS identification whereas peptides quantified through match-between-runs (MBR) are
quantified but not ‘detected’. In case of DDA, we also show the number of peptides quantified through MBR. For
DIA, we refer to a peptide as ‘detected’ if the confidence score (for identification) is at most 0.01.
Samples in this plot are sorted by their experimental group, and then ordered and by their name within each
group. This data is also available in the output table ‘samples.xlsx’.
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1.1.1 color-coding sample metadata

The number of detected peptides in a sample, as compared to other samples within a dataset, can be used as
a measure for sample quality. By color-coding individual samples for metadata that you provided as input (eg;
experiment batch, sample handling order, gel lanes, etc.) we can visually inspect if these relate to the rate of
successful peptide detection.

Each row in this figure shows all samples as a dot, each color-coded by the respective property shown on the y-axis,
with minor vertical jitter for visual clarity. The section after this figure will further expand this summary figure
into a detailed figure for each sample property.
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To further detail each sample property, we now split each row in the above figure into separate plots. Here, the
rows detail the set of unique values for some sample metadata and the color-coded dots represent the samples
annotated respectively. The vertical line indicates the median value for each row. Colors are consistent with the
above plot.
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1.2 data completeness

Visualize how many peptides are consistently identified in multiple samples. The first figure summarizes how
common missing values are in the entire dataset, ideally many peptides are identified in 100% of samples and
this curve slowly falls of. The second figure shows for each sample whether its peptides are also present in other
samples in the dataset or whether these are unique to a (minor) subset of samples. You can use this mark of
experimental consistency to compare datasets generated by similar protocols and mass-spec acquisition.

1.2.1 cumulative distribution

The number of peptides passing some ‘data completeness threshold’ are shown at data points matching 90% and
50% of samples respectively. Samples flagged ‘exclude’ are not taken into account.
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1.2.2 peptide detection frequency
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1.3 abundance distributions

The figures in this subsection are used to identify unexpected mass-spec sensitivity or sample loading differencess.
Peptide data is shown as provided in input files, so peptide filtering nor intensity normalization has been applied
yet (for proper QC, make sure the software that generated the input data did not apply normalization prior). If
the dataset is DDA, match-between-runs (MBR) peptides are included in these distributions whereas for DIA only
‘detected’ peptides (based on confidence score threshold) are included.
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1.4 retention time

These figures allow you to identify potential problems during elution, such as a temporarily blocking column,
failing ionization spray or decreasing sensitivity over time. For each sample, all peptides that are also observed in
a replicate (such that there is a point of reference available) are visualized.

1.4.1 retention time distributions

The density of the number of peptides eluting at each point in time. This figure presents a global view of all
samples that allows for the identification of outlier samples that follow distinct elution patterns. The following
section shows details for each sample. Samples marked as ‘exclude’ in the provided sample metadata table are
visualized as dashed lines.
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1.4.2 retention time local effects

To investigate how each measurement differs from others, we visualize each sample as a 4 panel figure. First, the
data is binned across the retention time dimension (x-axis). If a samples was marked as ‘exclude’ in the provided
sample metadata, this is indicated in the plot title.

The top panel shows the number of peptides, as recognized by the software that generated input for this pipeline,
over time (black line). For reference, the grey line shows the median amount over all samples.

The middle panel indicates whether peptide retention times deviate from their median over all samples (blue
line). The grey area depicts the 5% and 95% quantiles, respectively. The line width corresponds to the number of
peptides eluting at that time (data from first panel). Analogously, the bottom panel show the deviation in peptide
abundance as compared to the median over all samples (red line).

11



1_1 @ B  >>  EXCLUDED  <<

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

1_2 @ B

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

12



2_2 @ B

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

2_3 @ B

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

13



3_1 @ B

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

3_2 @ B

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

14



4_3 @ B

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

4_4 @ B

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

15



5_1 @ B

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

1_3 @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

16



2_1 @ A

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

2_4 @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

17



2_5 @ A  >>  EXCLUDED  <<

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

2_5rep @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

18



3_3 @ A

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

4_1 @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

19



4_2 @ A  >>  EXCLUDED  <<

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

5_2 @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

20



5_3 @ A

0

100

200

300

400

500
pe

pt
id

e 
co

un
t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

5_4 @ A

0

100

200

300

400

500

pe
pt

id
e 

co
un

t

−2

−1

0

1

2

re
te

nt
io

n 
tim

e 
−

ov
er

al
l m

ed
ia

n

−1

0

1

0 50 100 150
Retention time (min)

lo
g2

 in
te

ns
ity

 −
ov

er
al

l m
ed

ia
n

21



1.5 variation among replicates

The reproducibility of replicate measurements is expressed in three different analyses. First, we visualize for each
sample how different its peptide intensities are compared to the mean value among replicates. Next, we use the
Coefficient of Variation (CoV) as a metric for reproducibility and explore how much the CoV within a sample
group can be improved by removing a single sample (eg; if CoV strongly improved after removing sample s, it
was an outlier). Finally, we visualize the CoV within each sample group as a boxplot and a violin plot, figures
commonly seen in proteomics literature and useful for comparing across experiments (of similar protocol).

1.5.1 foldchange distributions

The foldchange of all peptides in a sample is compared to their respective mean value over all samples in the
group. This visualizes how strongly each sample deviates from other samples in the same group which helps
identify outlier samples. The same data was used as detailed in the “retention time” section above. Samples
marked as ‘exclude’ in the provided sample metadata table are visualized as dashed lines.
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1.5.2 CoV, leave-one-out

progress: leave-one-out CoV plot computations took 20 seconds This set of figures describes the effect of remov-
ing a particular sample prior to within-group Coefficient of Variation (CoV) computation. The lower the CoV
distribution is for a sample, the better reproducibility we get by excluding it. Only sample groups with at least 4
replicates can be used for this analysis, so 3 samples remain after leaving one out. Samples marked as ‘exclude’
by the user are included in these analyses (shown as dotted lines), and only peptides with at least 3 data points
across replicates samples (after leave-one-out) are used for each CoV computation.
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shortname group exclude median CoV
1_1 B TRUE 9.2
3_2 B FALSE 10.2
5_1 B FALSE 10.2
2_2 B FALSE 10.3
3_1 B FALSE 10.4
1_2 B FALSE 10.4
4_4 B FALSE 10.4
2_3 B FALSE 10.4
4_3 B FALSE 10.5
4_2 A TRUE 10.0
2_1 A FALSE 10.0
4_1 A FALSE 10.0
1_3 A FALSE 10.1
5_2 A FALSE 10.2
2_5rep A FALSE 10.2
2_5 A TRUE 10.2
3_3 A FALSE 10.2
5_3 A FALSE 10.2
2_4 A FALSE 10.3
5_4 A FALSE 10.3

Leave-one-out impact on within-group CoV (%)
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1.5.3 Coefficient of Variation

Visualize the CoV, a quality metric for the reproducibility of replicate measurements, using box- and violin-plots.

The same data was used as detailed in the “retention time” section above, with only peptides quantified in at
least 3 replicates used for CoV computation in a group. Only samples that are NOT marked ‘exclude’ and are in
a sample group among at least 3 replicates are used for these figures.
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1.6 PCA

A visualization of the first three PCA dimensions illustrates sample clustering. The goal of these figures is to pick
up global effects from a quality control perspective, such as samples from the same experiment batch clustering
together, not to be sensitive to a minor subset of differentially abundant proteins (for which specialized statistical
models are applied downstream).

If additional sample metadata was provided, such as experiment batch, sample-prep dates, gel, etcetera, multiple
PCA figures will be generated with respective color-codings. Users are encouraged to provide relevant experiment
information as sample metadata and use these figures to inspect for unexpected batch effects.

The pcaMethods R package is used to perform the Probabilistic PCA (PPCA). The set of peptides used for this
analysis consists of those peptides that pass your filter criteria in every sample group. If any samples are marked as
‘exclude’ in the sample metadata table, an additional PCA plot is generated with these samples included (depicting
the ‘exclude’ samples as square symbols).

Rationale behind data filter
As mentioned above, the aim of these figures is to identify global effects. To achieve this, we compute sample
clusters using the subset of peptides identified in each group which prevents rarely detected peptides/proteins from
having a disproportionate effect on sample clustering. This pertains not only to ‘randomly detected contaminant
proteins’ but also to proteins with abundance levels near the detection limit, which may be detected in only a
subset of samples (eg; some measurements will be more successful/sensitive than others).

Figure legends
Left- and right-side figure panels on each row represent the same figure without and with sample labels. Samples
that are flagged as ‘exclude’, if any, are visualized as square shapes.
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PCA of all samples, including those flagged as ‘exclude’, using 17955 peptides
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PCA only on samples not flagged as ‘exclude’, using 18309 peptides
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2 Differential abundance analysis

goal: maximize reliable features for quantification

In a pairwise analysis of two groups of samples, only peptides with N data-points in both groups are used for
quantitative analysis (where N = defined by user settings). For example; if peptide p is consistently quantified in
sample groups A and B but not in C/D/E, it can be used when comparing group A versus group B but should not
be used in any other group comparisons. This approach is particularly suited to maximize the number of peptides
used for statistical analysis in experimental designs with many sample groups.

A common alternative strategy is a global filtering approach where peptides are selected based on their properties
in the overall dataset (eg; present in x% of samples or x% of replicates in all groups) and subsequentially the
resulting data matrix is used for all downstream statistical analyses. In the example above where peptide p is
present in a subset of sample groups, p would either be left out (not present in majority of samples in entire
dataset) or erronously used when applying t-statistics to groups B and C (since p is not present in group C, it
may differentially detected but there are no features available for quantitative analysis)

2.1 A vs B

• user setting: using ‘global data filter’ peptide filtering approach

• 23479 peptides in 3477 proteins remain in the current contrast after peptide filters and are used for the
statistical analysis in this section

• qvalue threshold: 0.01

• log2 foldchange threshold: 0.156096

2.1.1 volcano

Left- and right-side figure panels on each row represent the same figure without and with labels for the 25 proteins
with lowest p-value.

Bottom figure panels have limited x- and y-axis. For datasets with a small number of strong outliers in p-value or
fold-change, which may have a profound effect on the plot scales, this allows you to inspect the remainder of the
volcano plot without disproportionate influence by ‘extreme’ values.

39



0.0

2.5

5.0

7.5

−2 −1 0 1 2
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, no labels

ebayes contrast: A vs B

KIF1A
SELENBP2

KIF13B
PCDHGC5

C1QL3
NPTXR

PLD3

ASRGL1APOE
ALDH1L1

NDRG4DKK3C1QTNF4

SYT11 DNER APLP1

NELL2

SPARCL1

ITM2B
ELMOD1

CST3 CPE

ITM2C

STMN2
APP

0.0

2.5

5.0

7.5

−2 −1 0 1 2
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, label 25 best qvalue

ebayes contrast: A vs B

0.00

0.25

0.50

0.75

1.00

1.25

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, no labels

ebayes contrast: A vs B

KIF1ASELENBP2

KIF13B
PCDHGC5

C1QL3

NPTXRPLD3

ASRGL1APOE

ALDH1L1

NDRG4DKK3

C1QTNF4

SYT11

DNER

APLP1

NELL2

SPARCL1

ITM2B

ELMOD1

CST3

CPE

ITM2C

STMN2

APP

0.00

0.25

0.50

0.75

1.00

1.25

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, label 25 best qvalue

ebayes contrast: A vs B

up regulated

down regulated

up regulated & outside plot limits

down regulated & outside plot limits

not significant

not significant & outside plot limits

40



0

5

10

15

−5.0 −2.5 0.0 2.5 5.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, no labels

msempire contrast: A vs B

ITM2C

SYT11 SNCA

ACSBG1
NDRG4

HBA−A1
APLP1NELL2

HBB−BSELMOD1

ITM2B
CST3

MAP2

ALDOC
HADHAALDH1L1

GSTM1

APP SPTAN1APOE

SPARCL1

CPE

SPTBN2

ATP1A2PYGB

0

5

10

15

−5.0 −2.5 0.0 2.5 5.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, label 25 best qvalue

msempire contrast: A vs B

0

1

2

3

4

5

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, no labels

msempire contrast: A vs B

ITM2C SYT11

SNCA

ACSBG1

NDRG4

HBA−A1APLP1

NELL2

HBB−BS

ELMOD1

ITM2B

CST3

MAP2

ALDOC

HADHAALDH1L1

GSTM1

APP

SPTAN1

APOE

SPARCL1

CPE

SPTBN2

ATP1A2

PYGB

0

1

2

3

4

5

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, label 25 best qvalue

msempire contrast: A vs B

up regulated

down regulated

up regulated & outside plot limits

down regulated & outside plot limits

not significant

not significant & outside plot limits

41



0

10

20

30

−2 −1 0 1 2
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, no labels

msqrob contrast: A vs B

SDF4

NDRG4

PLD3CX3CL1

SLC3A2ASRGL1

ALDOC

DNER

CLSTN1 APPL2

ALDH1L1

C1QTNF4
NELL2

SLC22A17

ITM2C CST3
APLP1

CLIP3
STMN2

SYT11
SPARCL1

ELMOD1

ITM2B

CPE

APP

0

10

20

30

−2 −1 0 1 2
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

data as−is, label 25 best qvalue

msqrob contrast: A vs B

0.00

0.25

0.50

0.75

1.00

1.25

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, no labels

msqrob contrast: A vs B

SDF4

NDRG4 PLD3

CX3CL1

SLC3A2

ASRGL1 ALDOC

DNER

CLSTN1

APPL2 ALDH1L1

C1QTNF4NELL2

SLC22A17

ITM2C

CST3

APLP1

CLIP3

STMN2

SYT11

SPARCL1

ELMOD1

ITM2B

CPEAPP

0.00

0.25

0.50

0.75

1.00

1.25

−1.0 −0.5 0.0 0.5 1.0
log2 fold−change

−
lo

g1
0 

F
D

R
 a

dj
us

te
d 

p−
va

lu
e

limited x− and y−axis, label 25 best qvalue

msqrob contrast: A vs B

up regulated

down regulated

up regulated & outside plot limits

down regulated & outside plot limits

not significant

not significant & outside plot limits

42



2.1.2 foldchange distribution

Distributions of estimated foldchanges produced by the statistical models. If the mode is far from 0, consider
alternative normalization strategies. Do note the scale on the x-axis, for some experiments the foldchanges are
very low which in turn may exaggerate this figure.

note; the MSqRob model tends to assign zero (log)foldchange for proteins with minor difference between conditions
where the model is very sure the null hypothesis cannot be rejected (shrinkage by the ridge regression model). As a
result, many foldchanges will be zero and the density plot for MSqRob may look like a spike instead of the expected
Gaussian shape observed in other models
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2.1.3 p-value distribution

Histogram of p-values computed by differential expression analysis algorithms, as-is, for quality-control inspection.
The horizontal line indicates the expected counts assuming a uniform distribution (total number of p-values divided
by number of histogram bins)

See further: https://www.ncbi.nlm.nih.gov/pmc/articles/PMC6164648/

See further: http://varianceexplained.org/statistics/interpreting-pvalue-histogram/

note; the MSqRob and MS-EmpiRe models often yield p-value distributions that show a large peak at p-value 1,
these are typically proteins with estimated log foldchanges at/near zero where these models are very sure the null
hypothesis cannot be rejected
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3 Summary of statistical results

Number of proteins found statistically significant in each comparison of sample groups.

contrast algorithm #tested #significant
A vs B ebayes 3188 9
A vs B msempire 3188 30
A vs B msqrob 3188 21

Table 1: Significant hits
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4 log

reading Spectronaut report. . .

to plot target/decoy score distributions, include columns ‘cscore’ and ‘isdecoy’ (with at least some

decoy entries) in the peptide report

23484/24992 precursors remain after selecting the ‘best’ precursor for each modified sequence

5 / 22486 unique target (plain)sequences were not in the provided spectral library and thus removed

8842/8842 protein accessions and 3477/3477 protein groups were mapped to provided fasta file(s)

protein filters didn’t match anything

using 7 threads for multiprocessing

differential abundance analysis for contrast: A vs B

using data from peptide filter: global data filter

normalizing protein-level data for DEA by ‘modebetween’ (doesn’t affect peptide-level models)

log2 foldchange threshold estimated by bootstrap analysis: 0.156
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5 R command history

This shows the history commands from your R script that starts this pipeline, thereby automatically documenting
the parameters/settings used. All lines of executed code since (last) importing data using this R package are
shown.

Using this feature

Do not use RStudio’s source option to execute our pipeline since it will only write source(...yourscript.R)
to the session history, and consequentially that is all you see in this ‘code log’. Instead, select all lines in your
script (control + A) and then “run” the selected code (either click the run button in RStudio, or use control +
enter). All lines shown in this section are the same as shown in the RStudio ‘History’ pane (a tab on the top-right
of its UI).

norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = FALSE,
output_dir = "C:/DATA/Annemiek/data_analysis_results__subset",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_pilot1_ngn2_induced_neurons__subset_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
# - 42_GM_neuron_glia vs. 42_bioni_neuron_glia
# - 42_GM_neuron_glia vs. 42_C001_neuron_glia
# - 42_bioni_neuron_glia vs. 42_C001_neuron_glia
# - 15_GM_neuron_glia vs. 42_GM_neuron_glia
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.05,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = FALSE,
output_dir = "C:/DATA/Annemiek/data_analysis_results__subset",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_pilot1_ngn2_induced_neurons__subset_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
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dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
# - 42_GM_neuron_glia vs. 42_bioni_neuron_glia
# - 42_GM_neuron_glia vs. 42_C001_neuron_glia
# - 42_bioni_neuron_glia vs. 42_C001_neuron_glia
# - 15_GM_neuron_glia vs. 42_GM_neuron_glia
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results__subset",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_pilot1_ngn2_induced_neurons__subset_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
# - 42_GM_neuron_glia vs. 42_bioni_neuron_glia
# - 42_GM_neuron_glia vs. 42_C001_neuron_glia
# - 42_bioni_neuron_glia vs. 42_C001_neuron_glia
# - 15_GM_neuron_glia vs. 42_GM_neuron_glia
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results__subset",
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output_within_timestamped_subdirectory = TRUE)
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_pilot1_ngn2_induced_neurons__subset_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
append_log("****** EXPERIMENTAL DATA FILTER", type = "warning")
nrow(dataset$peptides)
dataset$peptides = dataset$peptides %>% filter(is.finite(confidence) & confidence < 0.05)
nrow(dataset$peptides)
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
# - 42_GM_neuron_glia vs. 42_bioni_neuron_glia
# - 42_GM_neuron_glia vs. 42_C001_neuron_glia
# - 42_bioni_neuron_glia vs. 42_C001_neuron_glia
# - 15_GM_neuron_glia vs. 42_GM_neuron_glia
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results__subset",
output_within_timestamped_subdirectory = TRUE)
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_pilot1_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
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filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
devtools::load_all() # load our R package
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
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# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
eset_peptides = tibble_as_eset(dataset$peptides %>% filter(is.finite(intensity) & detect == TRUE),
dataset$proteins,
dataset$samples)
MSnbase::exprs(eset_peptides) = normalize_matrix(MSnbase::exprs(eset_peptides), algorithm = norm_algorithm, mask_sample_groups = MSnbase::pData(eset_peptides)$group)
eset_proteins = eset_from_peptides_to_proteins(eset_peptides)
norm_algorithm="vwmb"
MSnbase::exprs(eset_peptides) = normalize_matrix(MSnbase::exprs(eset_peptides), algorithm = norm_algorithm, mask_sample_groups = MSnbase::pData(eset_peptides)$group)
eset_proteins = eset_from_peptides_to_proteins(eset_peptides)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
nchar("protein_intensity_only_where_identified")
nchar("protein_intensity_where_identified")
nchar("protein_intensity_only_identified")
nchar("protein_intensity_only_identify")
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
c("42_bioni_neuron", "42_C001_neuron"),
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c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
# dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
# c("42_GM_neuron", "42_C001_neuron"),
# c("42_bioni_neuron", "42_C001_neuron"),
#
# c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
# c("42_GM_neuron_glia", "42_C001_neuron_glia"),
# c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
#
# c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = F,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
### Annemiek; subset
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut("C:/DATA/Annemiek/spectronaut/20200517_182020_ngn2_induced_neurons_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/Annemiek/maxquant_txt", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606.fasta", "C:/DATA/Annemiek/UniProt_2019-11/UP000005640_9606_additional.fasta"))
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
## create metadata file by subsetting original table
# x = openxlsx::read.xlsx("C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata.xlsx")
# openxlsx::write.xlsx(x[x$sample_id %in% dataset$peptides$sample_id,], "C:/DATA/Annemiek/pilot1_ngn2_induced_neurons_sample-metadata__subset.xlsx")
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Annemiek/ngn2_induced_neurons_sample-metadata.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("42_GM_neuron", "42_bioni_neuron"),
c("42_GM_neuron", "42_C001_neuron"),
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c("42_bioni_neuron", "42_C001_neuron"),
c("42_GM_neuron_glia", "42_bioni_neuron_glia"),
c("42_GM_neuron_glia", "42_C001_neuron_glia"),
c("42_bioni_neuron_glia", "42_C001_neuron_glia"),
c("15_GM_neuron_glia", "42_GM_neuron_glia")))
#
dataset = analysis_quickstart(dataset,
filter_min_detect = 2,
# filter_fraction_detect = .75,
filter_by_contrast = TRUE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
# norm_algorithm = c("vsn", "modebetween"),
norm_algorithm = "vwmb",
dea_algorithm = "ebayes",
# dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = 0,
output_qc_report = TRUE,
output_peptide_plots = "none",
output_abundance_tables = TRUE,
output_dir = "C:/DATA/Annemiek/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
### Mandy
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut(filename="C:/DATA/Mandy__Joseph_Dougherty/20200401_101418_Mark_Joseph_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/remco_speclib_20190301_HC_P2_Full mouse proteome 201804", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Remco P2 lib 2018_04 fasta/UP000000589_10090.fasta","C:/DATA/Remco P2 lib 2018_04 fasta/UP000000589_10090_additional.fasta"))
# write_template_for_sample_metadata(dataset, "C:/temp/samples", T)
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Mandy__Joseph_Dougherty/samples.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("A", "B")))
dataset = analysis_quickstart(dataset,
filter_min_detect = 5,
filter_fraction_detect = 0.75,
filter_by_contrast = FALSE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
norm_algorithm = "vwmb",
# dea_algorithm = "ebayes",
dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = NA,
output_qc_report = TRUE,
plot_pca_label_by_shortname = TRUE,
output_peptide_plots = "none",
output_abundance_tables = FALSE,
output_dir = "C:/DATA/Mandy__Joseph_Dougherty/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)
print_dataset_summary(dataset)
### Mandy
rm(list = ls(all.names = TRUE)) # clear everything from memory
cat("\014") # clear terminal (send the control+L character)
devtools::load_all() # load our R package
dataset = import_dataset_spectronaut(filename="C:/DATA/Mandy__Joseph_Dougherty/20200401_101418_Mark_Joseph_Report.xls", confidence_threshold = 0.01, use_normalized_intensities = FALSE, do_plot = TRUE)
dataset = update_protein_mapping_from_maxquant(dataset, path_maxquant = "C:/DATA/remco_speclib_20190301_HC_P2_Full mouse proteome 201804", remove_shared = TRUE)
dataset = import_fasta(dataset, files = c("C:/DATA/Remco P2 lib 2018_04 fasta/UP000000589_10090.fasta","C:/DATA/Remco P2 lib 2018_04 fasta/UP000000589_10090_additional.fasta"))
# write_template_for_sample_metadata(dataset, "C:/temp/samples", T)
dataset = remove_proteins_by_name(dataset, remove_irt_peptides = TRUE) # optional
dataset = import_sample_metadata(dataset, filename = "C:/DATA/Mandy__Joseph_Dougherty/samples.xlsx")
dataset = setup_contrasts(dataset, contrast_list = list(c("A", "B")))
dataset = analysis_quickstart(dataset,
filter_min_detect = 5,
filter_fraction_detect = 0.75,
filter_by_contrast = FALSE,
filter_topn_peptides = 0,
filter_min_peptide_per_prot = 1,
norm_algorithm = "vwmb",
# dea_algorithm = "ebayes",
dea_algorithm = c("ebayes", "msempire", "msqrob"), # ebayes, msqrob, msempire, msqrobsum
dea_qvalue_threshold = 0.01,
dea_log2foldchange_threshold = NA,
output_qc_report = TRUE,
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plot_pca_label_by_shortname = TRUE,
output_peptide_plots = "none",
output_abundance_tables = FALSE,
output_dir = "C:/DATA/Mandy__Joseph_Dougherty/data_analysis_results",
output_within_timestamped_subdirectory = TRUE)

Could not pretty-print your R code. Perhaps there are syntax errors in your R history? If so, either clear your R history or restart RStudio to
amend.
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6 R session info

The computer system and versioning of all R packages used to run this analysis are shown below to facilitate, in
combination with the previous section, reproducibility.

Table 2: System

setting value
version R version 3.6.1 (2019-07-05)
os Windows 10 x64
system x86_64, mingw32
ui RStudio
language (EN)
collate English_United States.1252
ctype English_United States.1252
tz Europe/Berlin
date 2020-05-18

Table 3: Attached packages

package loadedversion source
dplyr 0.8.4 CRAN (R 3.6.2)
ggplot2 3.2.1 CRAN (R 3.6.1)
msdap 0.1.7.2 NA
rlang 0.4.4 CRAN (R 3.6.2)
testthat 2.3.1 CRAN (R 3.6.2)
tibble 2.1.3 CRAN (R 3.6.1)
tidyr 1.0.2 CRAN (R 3.6.2)

Table 4: Packages that are not attached

package loadedversion source
affy 1.64.0 Bioconductor
affyio 1.56.0 Bioconductor
askpass 1.1 CRAN (R 3.6.1)
assertthat 0.2.1 CRAN (R 3.6.1)
backports 1.1.5 CRAN (R 3.6.1)
Biobase 2.46.0 Bioconductor
BiocGenerics 0.32.0 Bioconductor
BiocManager 1.30.10 CRAN (R 3.6.2)
BiocParallel 1.20.1 Bioconductor
bit 1.1-14 CRAN (R 3.6.0)
bit64 0.9-7 CRAN (R 3.6.0)
boot 1.3-24 CRAN (R 3.6.2)
callr 3.4.2 CRAN (R 3.6.2)
cli 2.0.1 CRAN (R 3.6.2)
codetools 0.2-16 CRAN (R 3.6.1)
colorspace 1.4-1 CRAN (R 3.6.1)
cowplot 1.0.0 CRAN (R 3.6.1)
crayon 1.3.4 CRAN (R 3.6.1)
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package loadedversion source
data.table 1.12.8 CRAN (R 3.6.2)
desc 1.2.0 CRAN (R 3.6.1)
devtools 2.2.2 CRAN (R 3.6.2)
digest 0.6.25 CRAN (R 3.6.1)
doParallel 1.0.15 CRAN (R 3.6.1)
ellipsis 0.3.0 CRAN (R 3.6.1)
evaluate 0.14 CRAN (R 3.6.1)
fansi 0.4.1 CRAN (R 3.6.2)
farver 2.0.3 CRAN (R 3.6.2)
forcats 0.4.0 CRAN (R 3.6.1)
foreach 1.4.8 CRAN (R 3.6.2)
formatR 1.7 CRAN (R 3.6.1)
fs 1.3.1 CRAN (R 3.6.1)
ggpubr 0.2.5 CRAN (R 3.6.2)
ggrepel 0.8.1 CRAN (R 3.6.1)
ggsignif 0.6.0 CRAN (R 3.6.1)
glue 1.3.1 CRAN (R 3.6.1)
gridExtra 2.3 CRAN (R 3.6.1)
gtable 0.3.0 CRAN (R 3.6.1)
gtools 3.8.1 CRAN (R 3.6.0)
highr 0.8 CRAN (R 3.6.1)
hms 0.5.3 CRAN (R 3.6.2)
htmltools 0.4.0 CRAN (R 3.6.1)
impute 1.60.0 Bioconductor
IRanges 2.20.2 Bioconductor
iterators 1.0.12 CRAN (R 3.6.1)
knitr 1.28 CRAN (R 3.6.2)
labeling 0.3 CRAN (R 3.6.0)
lattice 0.20-40 CRAN (R 3.6.1)
lazyeval 0.2.2 CRAN (R 3.6.1)
lifecycle 0.1.0 CRAN (R 3.6.1)
limma 3.42.2 Bioconductor
lme4 1.1-21 CRAN (R 3.6.1)
magrittr 1.5 CRAN (R 3.6.1)
MALDIquant 1.19.3 CRAN (R 3.6.1)
MASS 7.3-51.5 CRAN (R 3.6.2)
Matrix 1.2-18 CRAN (R 3.6.2)
matrixStats 0.55.0 CRAN (R 3.6.1)
memoise 1.1.0 CRAN (R 3.6.1)
minqa 1.2.4 CRAN (R 3.6.1)
msEmpiRe 0.1.0 Github (zimmerlab/MS-EmpiRe@ae985a9)
MSnbase 2.12.0 Bioconductor
munsell 0.5.0 CRAN (R 3.6.1)
mzID 1.24.0 Bioconductor
mzR 2.20.0 Bioconductor
ncdf4 1.17 CRAN (R 3.6.1)
nlme 3.1-144 CRAN (R 3.6.2)
nloptr 1.2.1 CRAN (R 3.6.1)
openxlsx 4.1.4 CRAN (R 3.6.2)
packrat 0.5.0 CRAN (R 3.6.3)
patchwork 1.0.0 CRAN (R 3.6.3)
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package loadedversion source
pcaMethods 1.78.0 Bioconductor
pdftools 2.3 CRAN (R 3.6.1)
pillar 1.4.3 CRAN (R 3.6.2)
pkgbuild 1.0.6 CRAN (R 3.6.1)
pkgconfig 2.0.3 CRAN (R 3.6.1)
pkgload 1.0.2 CRAN (R 3.6.1)
plyr 1.8.5 CRAN (R 3.6.2)
preprocessCore 1.48.0 Bioconductor
prettyunits 1.1.1 CRAN (R 3.6.2)
pROC 1.16.1 CRAN (R 3.6.2)
processx 3.4.2 CRAN (R 3.6.2)
ProtGenerics 1.18.0 Bioconductor
ps 1.3.2 CRAN (R 3.6.2)
purrr 0.3.3 CRAN (R 3.6.1)
qpdf 1.1 CRAN (R 3.6.1)
R6 2.4.1 CRAN (R 3.6.1)
RColorBrewer 1.1-2 CRAN (R 3.6.0)
Rcpp 1.0.3 CRAN (R 3.6.1)
readr 1.3.1 CRAN (R 3.6.1)
remotes 2.1.1 CRAN (R 3.6.2)
reshape2 1.4.3 CRAN (R 3.6.1)
rmarkdown 2.1 CRAN (R 3.6.2)
rprojroot 1.3-2 CRAN (R 3.6.1)
rstudioapi 0.11 CRAN (R 3.6.2)
S4Vectors 0.24.3 Bioconductor
scales 1.1.0 CRAN (R 3.6.1)
sessioninfo 1.1.1 CRAN (R 3.6.1)
stringi 1.4.6 CRAN (R 3.6.2)
stringr 1.4.0 CRAN (R 3.6.1)
styler 1.3.2 CRAN (R 3.6.2)
tidyselect 1.0.0 CRAN (R 3.6.2)
tinytex 0.20 CRAN (R 3.6.2)
usethis 1.5.1 CRAN (R 3.6.3)
utf8 1.1.4 CRAN (R 3.6.1)
vctrs 0.2.3 CRAN (R 3.6.2)
viridis 0.5.1 CRAN (R 3.6.1)
viridisLite 0.3.0 CRAN (R 3.6.1)
vsn 3.54.0 Bioconductor
withr 2.1.2 CRAN (R 3.6.1)
xfun 0.12 CRAN (R 3.6.2)
XML 3.98-1.20 CRAN (R 3.6.0)
xtable 1.8-4 CRAN (R 3.6.1)
yaml 2.2.1 CRAN (R 3.6.2)
zip 2.0.4 CRAN (R 3.6.1)
zlibbioc 1.32.0 Bioconductor
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