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ABSTRACT: Isobaric labeling has the promise of combining high
sample multiplexing with precise quantiﬁcation. However, normalization issues and the missing value problem of complete n-plexes
hamper quantiﬁcation across more than one n-plex. Here, we
introduce two novel algorithms implemented in MaxQuant that
substantially improve the data analysis with multiple n-plexes. First,
isobaric matching between runs makes use of the three-dimensional
MS1 features to transfer identiﬁcations from identiﬁed to
unidentiﬁed MS/MS spectra between liquid chromatography−
mass spectrometry runs in order to utilize reporter ion intensities in
unidentiﬁed spectra for quantiﬁcation. On typical datasets, we
observe a signiﬁcant gain in MS/MS spectra that can be used for
quantiﬁcation. Second, we introduce a novel PSM-level normalization, applicable to data with and without the common reference
channel. It is a weighted median-based method, in which the weights reﬂect the number of ions that were used for fragmentation. On
a typical dataset, we observe complete removal of batch eﬀects and dominance of the biological sample grouping after normalization.
Furthermore, we provide many novel processing and normalization options in Perseus, the companion software for the downstream
analysis of quantitative proteomics results. All novel tools and algorithms are available with the regular MaxQuant and Perseus
releases, which are downloadable at http://maxquant.org.
KEYWORDS: isobaric labeling, tandem mass tag, multiplexed quantiﬁcation, normalization, match between runs, batch eﬀects,
missing values, MaxQuant, Perseus
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INTRODUCTION
Mass spectrometry (MS) has revolutionized the way
researchers can monitor protein abundance changes on a
proteome-wide scale. Several techniques have been established
for quantifying relative amounts of proteins or peptides
between related samples as, for instance, stable isotope
labeling on the level of ﬁrst-stage MS (MS1) spectra,1−4
label-free quantiﬁcation5,6 (LFQ), and isobaric labeling.7−9
The latter has the advantage of allowing for relatively high
sample multiplexing and is often done in the form of tandem
mass tags7 (TMTs) or isobaric tags for relative and absolute
quantitation.7,10 Isobaric labeling can substantially improve on
a genuine issue for shotgun proteomics, which is the missing
value problem. In unlabeled samples, values for quantiﬁcation
can be missing because of several reasons, as for instance low
abundance of the protein or lack of identiﬁcation of
peptides.11,12 It has been observed that in label-free samples,
the fraction of proteins containing one or more missing values
can dominate the proteome data.13 Isobaric labeling improves
the situation to some extent because within an n-plex, the
chances of getting missing values are strongly reduced.
© XXXX American Chemical Society

However, the absence of complete n-plexes over experimental
designs distributing samples over several n-plexes occurs with
the same likelihood as single values are missing in label-free
data because comparisons across multiple n-plex sets are
subject to the same stochastic sampling and possibilities of
missing values as label-free proteomics.
MaxQuant is one of the most widely used platforms for
analyzing shotgun proteomics data.14−17 In order to recover
features for quantiﬁcation, beyond those that were directly
identiﬁed by fragmentation spectra, several methods have
been developed and integrated into the MaxQuant software in
the past. Match between runs18,19 (MBR) is one of the
methods to decrease the number of missing values in labelReceived: March 30, 2020
Published: September 7, 2020
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Figure 1. Overview of IMBR. (A) Schematic diagram explaining IMBR. The reporter ions in the unidentiﬁed MS/MS spectrum can be used for
quantiﬁcation based on the matching of MS1-level 3D isotope patterns. For instance, the yellow MS1 isotope pattern appears in both LC−MS
runs. It has been identiﬁed by an MS/MS spectrum in the left run. In the right run, the same MS1 feature appears, however with an MS/MS
spectrum that did not lead to the identiﬁcation of the peptide because of poor coverage of the y and b ion series. This MS/MS spectrum does
however contain reporter ion intensities, which are then used for quantiﬁcation. (B) Example of a pair of identiﬁed and matched spectra. The
upper MS/MS spectrum (raw ﬁle: 29May3013_DJB_mouse_tmt8_BR1_unfrac_165min_dda15_1.raw, scan number 8353) was identiﬁed with
an Andromeda score of 109.5. The lower MS/MS spectrum (raw ﬁle: 29May3013_DJB_mouse_tmt8_BR3_unfrac_165min_dda15_1.raw, scan
number 8676) has not been identiﬁed because of the absence of several peaks in the y- and b-ion series and was fond by IMBR. (C) Zoom of the
spectra displayed in (B) into the mass region where the reporter ion signals are located.

method of recovering values for isobaric labeling still needs to
be developed in MaxQuant.
Besides procedures for recovering missing values, normalization is another important step in isobaric labeling-based
quantiﬁcation. For removing batch eﬀects, several useful
normalization methods have recently been developed.21−27
Almost all of the methods apply corrections at the level of
protein quantiﬁcation. An exception is the “compositional
proteomics” strategy28 which removes eﬀects because of
constraints imposed on the sum over channels for each PSM.
We propose a new and straightforward PSM-level normalization method based on the weighted median of ratios. For
MS1-level labeling, it is advantageous to deﬁne the protein
ratio as the median of the peptide feature ratios, as done in
MaxQuant. For MS1 signals, which are not aﬀected by
cofragmentation, the gain in robustness resulting from
applying a median approach to the ratios outweighs the lack
of weighing ratios by their signal strength. This is not the case
for isobaric labeling signals, which often show inferior results
if the protein ratio is taken as the unweighted median of PSM

free and MS1-level labeled data. It can transfer peptide
identiﬁcations from a liquid chromatography (LC)−MS run,
in which the peptide is identiﬁed by MS/MS, to another LC−
MS run, in which the same peptide exists as an MS1 feature,
but was not identiﬁed, either because no fragmentation
spectrum was recorded for this MS1 feature or because the
recorded fragmentation spectrum was not identiﬁed by the
peptide search engine.20 Requirements for this transfer of
identiﬁcations between similar samples to happen with low
rates of false positives are high mass accuracy obtained after
nonlinear mass recalibration and comparable retention times
after retention time alignment in MaxQuant. “Re-quantify”
provides another method to increase the coverage of protein
quantiﬁcation for the case of MS1-level labeling. An isotope
pattern that has not been paired with any labeling partners
can, after it has been identiﬁed, be restored for quantiﬁcation
of ratios by integrating the MS signal at the expected position
in m/z and retention time coordinates in the same LC−MS
run.20 Although these options can improve the protein
quantiﬁcation for label-free or MS1-labeling experiments, a
B
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parameters in MaxQuant have not been changed from their
default values unless explicitly stated.

ratios, as shown in this manuscript. Rather simplistic methods
that are not robust in the sense of the median but weighted by
the signal intensity are better suited here because they reduce
the inﬂuence of cofragmentation. The novel normalization
method that we propose combines the strength of both
approaches, the robustness of the median and the weighting of
PSMs by signal strength.
In this manuscript, we present a novel isobaric MBR
(IMBR) and a PSM-level normalization method that were
built into MaxQuant. They can signiﬁcantly increase the
number of peptide features that are available for quantiﬁcation
and eﬃciently remove the batch eﬀects. Moreover, numerous
plug-ins of Perseus,29,30 which is a powerful platform for the
downstream analysis of data generated with MaxQuant or
other platforms, have been developed for processing isobaric
labeling datasets. All the software is available for download at
http://maxquant.org.

■
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Isobaric MBR

Matching between runs of MS1 features is performed exactly
as it was done before for the quantiﬁcation of unlabeled
samples (Figure 1A). Prior to matching of MS1 features, their
masses are recalibrated and their retention times are aligned in
MaxQuant. The yellow MS1 isotope pattern in Figure 1A
appears in both LC−MS runs. It has been identiﬁed by an
MS/MS spectrum in the left run. In the right run, the same
MS1 feature appears, however with an MS/MS spectrum that
did not lead to the identiﬁcation of the peptide because of
poor coverage of the y and b ion series. This MS/MS
spectrum does however contain reporter ion intensities, which
are then used for quantiﬁcation. A concrete example of an
MS/MS spectrum pair of which one was identiﬁed and the
other one was found by IMBR is shown in Figure 1B. While
the lower MS/MS spectrum was not identiﬁed, it still contains
reporter ion signals that are comparable in intensity to the
ones present in the identiﬁed MS/MS spectrum (Figure 1C).

EXPERIMENTAL SECTION

Datasets

PSM-Level Weighted Ratio Normalization

For the evaluation of our newly developed methods, we use
well-established datasets that were submitted to open access
community databases. We downloaded isobaric labeling
datasets of two types: those with a reference channel, in
which one of the channels carries the signal of the mixture of
samples suitable for forming ratios to the other channels that
carry the actual samples, and those without a reference
channel. As an example for the latter, we obtained data from
Bailey et al.31 It is an 8-plex dataset consisting of eight organs
(kidney, lung, heart, muscle, liver, cerebrum, cerebellum, and
spleen) harvested from four diﬀerent mice. After tryptic
digestion, the peptides of each organ were labeled with a
TMT 8-plex in a randomized design and applied to two
diﬀerent data acquisitionsdata dependent acquisition
(DDA) and intelligent data acquisition (IDA). The purpose
of using a dataset employing more than one acquisition
methods is to demonstrate applicability of our newly
developed methods to heterogeneous data. The dataset was
obtained from the CHORUS database (http://chorusproject.
org/; 298: Elution Order Algorithm). Moreover, we downloaded a TMT 10-plex labeling dataset containing a reference
channel acquired by Lereim et al.32 It consists of brain tissues
from WT mice and Peli1 knock-out mice. Peli1 functions as a
regulator of the immune response during experimental
autoimmune encephalomyelitis (EAE). Each type of mice
contains three samples based on the number of days post EAE
infection: 0, 10, and 20. The samples are randomly assigned to
two TMT 10-plex sets, and TMT131 is for the pooled
samples consisting of a mixture of same amounts of all
samples. The dataset is available in PRIDE33 (PXD003710).

In order to remove batch eﬀects, we developed a novel
method for normalizing reporter ion intensities in isobaric
labeling datasets at the PSM-level and integrated it into
MaxQuant software. First, for each protein, the quantiﬁable
PSMs are retrieved. These follow, in the ﬁrst instance, the
same rules as for label-free or MS1-level labeling quantiﬁcation. For instance, if the protein quantiﬁcation should be
based only on protein group-level unique peptide sequences,
then these are selected. On top of this, second-stage MS
(MS2)-level labeling speciﬁc ﬁlters can be applied, as for
instance, based on the precursor ion fraction or base peak
ratio. The resulting set of ﬁltered PSMs is then subjected to a
weighted median calculation of reporter ion intensities. How
exactly the values of the weights are determined is described
later in this section. Their purpose is to give higher weights to
more abundant signals. For now, we consider them as
constant nonnegative weights that sum up to one. The
weighted median of the ratios x1, x2, ..., xn for a particular
isobaric labeling channel to the reference channel over n valid
PSMs matching to the protein group is then taken. For the
weighted median calculation, we assume that the ratios xi are
sorted in the ascending order and that the nonnegative ﬁnal
weights w1, w2, ..., wn are normalized such that they sum up to
one. The weighted median is the ratio xk with the index k
satisfying
k−1

n

∑ wi ≤ 1/2 and ∑
i=1

wi ≤ 1/2

i=k+1

The weights wi are the product of the precursor ion
intensity exactly at the retention time at which the MS/MS
has been recorded times the ﬁll time of the MS/MS spectrum.
This is supposed to be proportional to the number of ions
that are used for fragmentation. The weights are then
exponentiated with a constant which can be set by the user
(the“isobaric weight exponent” parameter in the graphical user
interface). How the optimal value of the isobaric weight
exponent is determined is described in the Results section.
The weights wi are the exponentially converted values, and the
normalization is applied such that these sum up to one. All
calculations are done for raw intensities as well as for

Data Processing

For both datasets, we used mouse UniProt sequences
(UP000000589, reviewed at 24-07-2018, 16,992 proteins).
All searches were performed with oxidation of methionine and
protein N-terminal acetylation as variable modiﬁcations and
cysteine carbamidomethylation as ﬁxed modiﬁcation. Trypsin
was selected as protease allowing for up to two missed
cleavages, and the peptide mass was limited to a maximum of
4600 Da. The initial mass tolerance was 20 ppm for precursor
ions and 20 ppm for fragment ions. PSM and protein false
discovery rates were both applied at 1%. In general, values of
C
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analyses in the single cell dataset was published in 2018.35 It
shows that UMAP is better performing than t-SNE. In
Perseus, UMAP, t-SNE, and principal component analysis are
all provided for the downstream analysis of MaxQuant results.
Additionally, the columns of reference channels were
excluded from the analysis. The workﬂow is presented in
Supporting Information Figure S4. The details of the newly
developed plugins for isobaric labeling data analysis and
dimensionality reduction methods are shown in Supporting
Information Figures S5 and S6.

intensities corrected for impurities, which are both reported in
the output tables. An example for the calculation procedures
of the normalization is shown in Supporting Information
Figure S1.
Analysis Workﬂow in MaxQuant and Perseus

For running isobaric labeling data in MaxQuant, ﬁrst, the
reference channel(s) need to be assigned after loading the raw
data. Multiple reference channels per n-plex are supported, in
which case the sum of signals over the reference channels is
used for normalization. If the dataset does not contain
reference channels, all channels have to be assigned as
reference channels and their total signal sum is taken in that
case. Second, “reporter ion MS2” has to be selected as “type”
under “group-speciﬁc parameters”, and a suitable set of
isobaric labels has to be chosen. Furthermore, if IMBR should
be applied, the “MBR” option in “identiﬁcation” under “global
parameters” needs to be turned on. In addition, “normalization” needs to be speciﬁed as “ratio to reference channel”,
which is normalizing the data without weight or “weighted
ratio to reference channel”. If “weighted ratio to reference
channel” is selected, the weight can be deﬁned in “isobaric
weight exponent” on the “misc.” page. The parameters of
newly developed methods are shown in Supporting
Information Figure S2.
For analysis of the output tables of MaxQuant in Perseus,
protein groups which are known contaminants, only identiﬁed
by site or reverse, are removed. Data is then usually
logarithmized for further analysis, and, if desired, mean or
median subtraction per sample can be performed. Note that
the channel intensities obtained from MaxQuant are not mean
or median centered automatically. We removed protein
groups with more than 30% missing values in total across
all channels and n-plexes. There are many alternative ways of
applying missing value ﬁlters, for instance, ﬁltering for a
minimum valid value percentage in at least one of the groups
of samples. The optimal criteria for ﬁltering may depend on
the dataset and on the question that is investigated. Because
this is not the subject of this manuscript, we chose the
simplest possible form of ﬁltering here by the total percentage
of valid values. Moreover, the annotations of cell types were
generated automatically in Perseus. The imputation of
remaining missing values was performed based on sampling
from a normal distribution with a value of 0.3 for the width
parameter and 1.8 for the down-shift parameter, which are the
defaults in Perseus,30 with the purpose of simulating low
abundant expression values. Further explanation of the
imputation method can be found in Figure S3 of the original
paper30 (https://media.nature.com/original/nature-assets/
nmeth/journal/v13/n9/extref/nmeth.3901-S1.pdf). We compare the results of the imputation with noise levels from
empty channels in Supporting Information Figure S3,
indicating that the distribution of signals from empty channels
shows a strong overlap with the distribution of missing values.
Uniform manifold approximation and projection (UMAP)34
is a newly developed nonlinear dimensionality reduction
method. UMAP is similar to t-distributed stochastic neighbor
embedding (t-SNE) but has some advantages over it. It is
faster and preserves the global structure better than t-SNE.
Moreover, UMAP is created based on manifold approximation
techniques, whereas t-SNE is mainly a visualization heuristic.
Therefore, the distance between clusters is more meaningful.
Moreover, a study using these two methods for bioinformatic

■

RESULTS AND DISCUSSION

Reduction of Missing Values

We developed IMBR as an extension of the already existing
MBR algorithm in MaxQuant in order to reduce the missing
n-plexes problem in isobaric labeling data. While within n-plex
sets, the likelihood of a value missing is low, complete n-plex
sets are missing with a similar probability as values are missing
in label-free datasets (Supporting Information Figure S7). For
benchmarking IMBR we use two publicly available TMT
datasets, one with and one without a reference channel. To
study the inﬂuence of IMBR on missing values, we performed
MaxQuant analyses once without and once with IMBR with
all other parameters at default values as described in the
Experimental Section on both datasets. An evidence entry
corresponds to a 3D MS1 feature that has at least one MS/
MS spectrum attached that is used for quantiﬁcation. On both
datasets, we see a consistent increase of evidence entries
carrying an MS/MS spectrum that can be used for
quantiﬁcation by 7−9% through IMBR. This increase will
presumably be higher in datasets in which many n-plexes are
combined because also the label-free matching between runs
has a tendency toward higher rates of matched features in
datasets with more samples. In Figure 2, the distribution of
peptides found in a certain number of isobaric labeling
batches is displayed with and without IMBR for the dataset by
Bayley et al. As can be seen, by applying IMBR, the amounts
of quantiﬁed peptides and proteins that are consistently found
in all samples are 2.5 and 1.5 fold more than without using
IMBR. There is no strong bias in reporter intensities between
identiﬁed and matched MS/MS spectra (see Supporting
Information Figure S8). The median log2 reporter intensities
for identiﬁed and matched features are 23.043 and 23.030 in
Supporting Information Figure S8A, respectively, and 22.34
and 20.66 in Supporting Information Figure S8B, respectively.
Determination of the Optimal Isobaric Weight Exponent

For determining the optimal value for the parameter “isobaric
weight exponent”, we scan W diﬀerent values of the weight
parameter between 0 and 1 with increment 0.05. Consider a
dataset with a biological or technical replicate grouping into G
groups and quantitative data for P proteins (or, more
speciﬁcally, protein groups). The samples within the replicate
groups should be completely randomized over the isobaric
labeling batches, as it has been done in the datasets we are
analyzing. We want to monitor a measure for the variability
within replicate groups in relation to the total variability. For
this purpose, we deﬁne
Fp , g , w =
D

variance within group g for protein p
total variance for protein p
https://dx.doi.org/10.1021/acs.jproteome.0c00209
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which is a measure for the relative spread of group g when
using weight parameter w. In order to get a balanced
contribution from all groups, we rescale Gg,w within each
group over the weight parameter values to a range from 0 to
100
Mg , w =

100
·(Gg , w − G̲ g )
(Gg̅ − G̲ g )

where
Gg̅ = max w = 1,..., W Gg , w

G̲ g = min w = 1,..., W Gg , w

The quantity
G

Mw =

∑ Mg ,w
g=1

is then optimized over the diﬀerent values of the isobaric
weight exponent. Figure 3 reveals that Mw is minimal if the
weight exponent assumes the value 0.75 on the dataset by
Bailey et al. Based on these ﬁndings, the default value for the
isobaric weight exponent is set to 0.75 in the software.
Because the optimal value might slightly change between
datasets, the user may reoptimize the value for their data and
change the value accordingly in MaxQuant. The source code
and documentation of a script (MedianVar.R) for the variance
calculations can be found at https://github.com/cox-labs/
tools.

Figure 2. Improvement by IMBR. (A) For the Bailey et al. dataset, it
is shown how many peptides are found in n out of eight isobaric
labeling batches. Blue and orange bars represent results without and
with IMBR, respectively. (B) Same as (A) for protein groups.

Eﬀects of Weighted Median-Based Normalization

In order to test the eﬀect of the novel PSM-level
normalization, we ran MaxQuant with and without applying
the normalization on the dataset of Bailey et al. We then
performed UMAP analysis on both outputs. Without normalization, the result of UMAP analysis is dominated by the split
into two clusters which separate the data by the acquisition
method (Figure 4A). When applying weighted median-based
normalization (Figure 4B), UMAP analysis results in strongly
focused clusters by tissues across the acquisition methods and
all isobaric labeling batches. Hence, the biases caused by

where w = 1, ..., W is indexing the diﬀerent values for the
isobaric weight exponent. All variance calculations are
performed on logarithmized and imputed values as described
above. We take the median of these quantities over all
proteins to obtain
Gg , w = median p = 1,..., PFp , g , w

Figure 3. Optimization of the isobaric weight exponent parameter on the dataset by Bailey et al. Mw as deﬁned in the Results section is plotted as
a function of the weight exponent. The contributions of separate tissues, Mg,w, are color-coded.
E
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Figure 4. Eﬀect of weighted median normalization. (A) Result of UMAP analysis on the dataset from Bailey et al. analyzed with MaxQuant
without normalization. The diﬀerent colors designate tissue types while the squares and circles denote the acquisition method. (B) Same as (A)
but after applying normalization. (C) Each bar represents the median over all protein groups of the ratio of within tissue group variances to total
variances. Blue and orange bars stand for before and after normalization.

(Figure 6A). Using weighted median normalization produces
two clusters mainly based on the type of mouse (Figure 6B).
Most of the data points not following the clustering by the
mouse type are the samples from 0 days post infection (dpi).
It may be due to the fact that the infection is not active yet at
0 dpi. Hence, we also performed the UMAP analyses of the
subset excluding the samples of 0 dpi (Figure 6C). The
samples are separated according to WT and Peli1 knock-out
except for one data point. Performing UMAP analysis only for
the samples from 20 dpi, the normalized data are completely
classiﬁed by the type of mice (Figure 6D).

diﬀerent acquisition methods have been removed. The impact
of the normalization can also be seen by comparing within
tissue group variances divided by total variances before and
after normalization. Figure 4C shows the media of these over
the protein groups. There is a strong decrease in the within
group variance brought about by the normalization.
When performing UMAP analysis to the acquisition modes
(IDA and DDA) separately, the clustering is also not by
tissues but by the TMT 8-plexes (Figure 5A,C). The grouping
into TMT-multiplexes coincides with the individual mice, but
we assume here that the separation is due to the labeling
multiplexes. Independent of what causes the separation, using
weighted median normalization removes this batch eﬀect and
results in clustering by tissues for both acquisition methods
(Figure 5B,D).

MaxQuant and Perseus Plug-Ins for Isobaric Labeling

All of the developed features for isobaric labeling data analysis
were integrated into MaxQuant version 1.6.12.0. Reference
channels, normalization methods, and the exponent for the
weights of the PSM level ratio normalization can be assigned
in the graphical user interface (Supporting Information Figure
S2). In order to perform the downstream analysis for the
isobaric labeling proteomics data, some newly created plug-ins
were integrated in the current version of Perseus (1.6.12.0).
All the plug-in activities for isobaric labeling are listed under
the heading “isobaric labeling” in Perseus. These activities are
“annotation from a ﬁle” which can assign names to and group
the samples in isobaric labeling n-plexes based on the
information contained in user-deﬁned categorical rows
(Supporting Information AnnotationDataset_1.txt and Anno-

Normalization with Reference Channels

In many isobaric labeling experiments, one or more channels
in each n-plex are ﬁlled with a common reference sample,
typically a mixture of the samples measured in the study or
very similar samples. Here, we show the beneﬁts of weighted
median normalization for data with such reference channels.
Similar to the previous section, we perform MaxQuant
analysis once without and once with normalization. In both
cases, we remove the reference channel and perform UMAP
analysis. Without applying normalization, the samples are
grouped based on the TMT 10-plex in the UMAP plot
F
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Figure 5. Separate analysis of acquisition methods. (A) Separate UMAP analysis of the IDA data without normalization colors represents diﬀerent
tissues, while the symbol types represent diﬀerent TMT 8-plexes. The samples cluster by 8-plex. (B) Same as (A) but with normalization. The
samples cluster by the tissue. (C) Same as (A) for DDA, (D) Same as (B) for DDA.

fractions. Furthermore, it is compatible with MS2 and MS3
methods. Based on results shown in this study, the
combination of tools and algorithms in MaxQuant and
Perseus is a useful gear for the analysis of isobaric labeling
MS data.
An alternative method for recovering more MS/MS spectra
for TMT quantiﬁcation beyond the primarily identiﬁed PSMs
was presented in the context of the single-cell proteomics
technology SCoPE-MS.38 In this complementary approach,
the gain in PSMs was achieved by a Bayesian update of the
posterior error probability of low-conﬁdence identiﬁcations.
The combination of this approach with ours could be of
interest and will be the subject of further investigations.
Although isobaric labeling with applying IMBR can decrease
the number of missing values signiﬁcantly, not all of the
missing values will be replaced with numbers. Hence,
imputation is still an important issue that needs to be
addressed. Many data analysis methods require a complete
data matrix or show potential beneﬁts from imputation.
Numerous studies and tools for optimizing imputation have
been published and released.12,39,40 For the remaining missing
values in isobaric labeling, we propose the same treatment as
we recommend for LFQ data, which is imputed by drawing
from a left-shifted random number distribution, as done by
default in Perseus.

tationDataset_2.txt). It can also be used to highlight empty
channels, in case they are kept as controls in the further
analysis. “Remove channels” is for removing the speciﬁc
channels, for instance those that have been used as a common
reference or carrier channel. Moreover, UMAP and t-SNE are
also integrated into Perseus (located in “clustering”) for
dimension reduction and classiﬁcation by using PluginInterop
and PerseusR.34−37 The options of the plug-ins can be found
in Supporting Information Figures S5 and S6.

■

CONCLUSIONS

Two novel approaches for isobaric labeling data analysis were
presented, which were integrated into MaxQuant: IMBR and
PSM-level weighted median ratio normalization. They achieve
higher precision and fewer missing values in protein
quantiﬁcation. In addition, a collection of Perseus plugins
useful for the downstream analysis of the MaxQuant output
for isobaric labeling data was introduced. PSM-level normalization eﬃciently removes batch eﬀects for the subsequent
analysis. It is particularly a ﬂexible method because it does not
require to specify what the factor(s) of interest in the dataset
are but works in an unsupervised manner in that respect. Our
approaches can also be applied to data with prefractionation
prior to LC−MS analysis. In that case, the IMBR will only
connect features between samples within same or neighboring
G

https://dx.doi.org/10.1021/acs.jproteome.0c00209
J. Proteome Res. XXXX, XXX, XXX−XXX

Journal of Proteome Research

pubs.acs.org/jpr

Article

Figure 6. Normalization with the reference channel. (A) Result of UMAP analysis for the dataset by Lereim et al. analyzed with MaxQuant
without normalization. The diﬀerent colors designate conditions and time points while the symbol shapes indicate the TMT batches. (B) Same as
(A) but with normalization. (C) Same as (B) but omitting time point 0. (D) Same as (B) but using only the last time point.
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