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ABSTRACT: Presented is a data set for benchmarking MS1-based label-free
quantitative proteomics using a quadrupole orbitrap mass spectrometer.
Escherichia coli digest was spiked into a HeLa digest in four different
concentrations, simulating protein expression differences in a background of
an unchanged complex proteome. The data set provides a unique opportunity
to evaluate the proteomic platform (instrumentation and software) in its
ability to perform MS1-intensity-based label-free quantification. We show that
the presented combination of informatics and instrumentation produces high
precision and quantification accuracy. The data were also used to compare
different quantitative protein inference methods such as iBAQ and Hi-N. The
data can also be used as a resource for development and optimization of
proteomics informatics tools, thus the raw data have been deposited to
ProteomeXchange with identifier PXD001385.
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■ INTRODUCTION

Quantification of proteins by mass spectrometry (MS)-based
proteomics is now a routine procedure in specialized
laboratories.1−3 Among the various methods in use today,
MS1-intensity-based label-free quantification (LFQ) methods
have been under-appreciated in the proteomics field, in favor of
various labeling methodologies such as stable isotopic labeling
of amino acids in culture (SILAC), tandem mass tags (TMT),
and isobaric tags for relative quantification (iTRAQ).4−6 The
main features that make MS1 LFQ attractive are the simplicity
in terms of sample preparation; no labeling reagents are
necessary, and there is no theoretical limit to the number of
samples included in an experiment. However, the main
disadvantages are the requirement for computationally intense
processing and reliance on the technical reproducibility of
sample preparation and instrumentation.
There are three types of label-free quantification: spectral

counting, where the quantitative index is based on the number
of spectra mapped to a given protein in a given sample;7 data-
independent acquisition approaches, which utilize product ion
intensity;8,9 and MS1-intensity-based label-free, utilizing
peptide peak area, which is then the basis for calculation of a
quantitative value for each protein.10

To date, there have been numerous publications proving the
validity of MS1 LFQ11−14 using various types of instruments.
However, this is the first study to investigate the validity of the
approach using a quadrupole orbitrap mass spectrometer.
Furthermore, most reported proof-of-concept experiments used
few proteins spiked into a background proteome. This provides

a somewhat limited scope for the performance of a given
methodology.
Our goal here was to produce a unique and complex set of

samples that would serve not only as a proof of concept for this
type of quantification method but also as a resource for the
mass informatics community for development of new tools and
benchmarking software for MS-based proteomics.
These data also provided the ability to investigate the protein

quantitative inference issue by comparing various methods.
There have been many reports on methods for quantifying
proteins in bottom-up proteomics, such as the Hi-3,15 iBAQ,16

APEX,17 and SCAMPI.18 The current data set presents a
unique opportunity to test some of these methods and establish
their validity and performance. It also allowed us to estimate
the false quantification rate produced by each method, based on
quantification of the unchanged human proteins in the samples.

■ MATERIALS AND METHOD

Sample Preparation

All chemicals were purchased from Sigma-Aldrich (St. Louis,
MO, USA) unless otherwise stated. HeLa S3 cells, adapted for
growth in suspension, were cultured in suspension on an orbital
shaker at 120 rpm, in MEM for suspension + 5% fetal bovine
serum and 2 mM L-glutamine (all from Biological Industries,
Israel). Cells were centrifuged and washed twice with
phosphate-buffered saline. Lysis was performed using urea-
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based buffer (8 M urea, 150 mM NaCl, 1 mM EDTA, 50 mM
Tris-HCl, pH 7.5). One milliliter of lysis buffer was added to
1× 106 cells for 10 min on ice and centrifuged for 15 min at
20 000g at 4 °C. Supernatant was diluted 1:4 using 50 mM
ammonium bicarbonate. Then, 100 mM dichlorodiphenyltri-
chloroethane was added to a final concentration of 5 mM and
incubated at 60 °C for 1 h. Iodoacetamide (200 mM) was
added to a final concentration of 10 mM and incubated for 1 h
in the dark. Digestion was performed by adding trypsin at a
protein/trypsin ratio of 50:1 (Thermo Scientific Pierce
sequencing grade, Rockford, IL, USA) and incubating overnight
at 37 °C. Samples were then acidified with 1% final
concentration of CF3COOH, desalted using Oasis HLB
(Waters Corp., Milford, MA, USA), and dried by speed
vacuum. Escherichia coli digest was obtained from Waters
(massPrep digestion standard).
Four groups of samples, 3, 7.5, 10, and 15, were prepared in

three replicates. The numbers indicate the amount of E. coli (in
nanograms) added to 200 ng of HeLa digest, which was loaded
onto the LC column for each sample. This simulated 5-, 2-, and
1.5-fold changes relative to the 15 ng sample (Figure 1).

Liquid Chromatography High-Resolution Mass
Spectrometry

ULC/MS-grade solvents (Biolab, Israel) were used for all
chromatographic steps. Each sample was loaded using splitless
nano-UPLC (ultraperformance liquid chromatography) (nano-
Acquity; Waters, Milford, MA, USA). The mobile phase was
(A) H2O + 0.1% formic acid and (B) acetonitrile + 0.1% formic
acid. Desalting of the samples was performed online using a
reversed-phase C18 trapping column (180 μm internal
diameter, 20 mm length, 5 μm particle size; Waters). The
peptides were then separated using a HSS T3 nanocolumn (75
μm internal diameter, 250 mm length, 1.8 μm particle size;
Waters) at 0.35 μL/min. Peptides were eluted off the column
into the mass spectrometer using the following gradient: 4 to
35% B in 95 min, 35 to 90% B in 5 min, maintained at 90% for
5 min, and then back to initial conditions.
The nanoUPLC was coupled online through a nanoESI

emitter (10 μm tip; New Objective; Woburn, MA, USA) to a
quadrupole orbitrap mass spectrometer (Q Exactive Plus,

Thermo Scientific) using a FlexIon nanospray apparatus
(Thermo Scientific). Data were acquired using XCalibur v3.0
in data-dependent acquisition mode, using a Top20 method.
Survey mass range was 300−1750 m/z. The quadrupole
isolation window was set to 1.5 m/z; the AGC target was set to
1 × 106, a maximum injection time of 120 ms, and a resolution
of 70 000. In MS2 scans, target AGC was set to 5 × 105 with a
maximum injection time of 60 ms.

Data Processing

Raw data were imported into the Expressionist data analysis
system v8.2.4 (Genedata, Basel, Switzerland). Data were
filtered, smoothed, and aligned in retention time. This was
followed by feature detection based on peak volume and
isotopic clustering. The parameters for all processing steps are
provided in the Supporting Information file 1. MS/MS spectra
were then extracted by the Expressionist software and sent to a
database search using Mascot v2.5 (Matrix Sciences). Data were
searched against a target-decoy Swiss-Prot database, version
2014_07 from human and E. coli. It was also appended with
125 common contaminants for a total of 24 557 entries.
Precursor mass tolerance was set to 10 ppm and product ion
tolerance to 0.02 mmu. Static modification was set to
carbamidomethylation of Cys, and dynamic modifications
were set to oxidation of Met and N-terminal carbamylation.
Identifications were then imported into Scaffold version

4.4.1.1 (Proteomesoftware, Portland, OR, USA) and filtered
using the embedded PeptideProphet algorithm to obtain
maximum protein false discovery rate of 0.7%. Once filtered,
identifications were then imported into Expressionist and
detected isotopic clusters were annotated. The resulting data
were then imported into a Matlab script (see Supporting
Information file 4) for protein grouping based on shared
peptides. Protein identifications included single peptide
identifications. Protein intensities were calculated based on
the Hi-3 method19 unless stated otherwise. For every protein, a
ratio was calculated by dividing the mean intensities of the
replicates in one group by the mean intensities of the replicates
of another. A summary table is provided as Supporting
Information file 3.

Figure 1. Composition of the 12 samples used in this experiment. The graph shows the on-column amount of HeLa and E. coli digests in each
sample. The samples were analyzed in three replicates per group.
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Principal component analysis (PCA) was performed using
the Analyst component of Expressionist (Genedata, Basel,
Switzerland) using the default settings (based on a computed
covariance matrix).
The MS proteomics data have been deposited to the

ProteomeXchange Consortium20 via the PRIDE partner
repository with the data set identifier PXD001385.
Raw data were also processed using MaxQuant21 version 1.5

against the same sequence database and the same modifications
as above. False discovery was set to a maximum of 1% for
peptides and proteins.

■ RESULTS
The main goals for generation of mixed human and E. coli
samples were (a) to evaluate technical reproducibility when
performing MS1 LFQ for analysis of complex samples using a
quadrupole orbitrap, (b) to investigate the quantitative protein
inference issue, and (c) to provide a resource data set for
software development. The four groups of samples, each
comprising a mixture of E. coli and human proteins, were
analyzed in three replicates using a quadrupole orbitrap MS in
data-dependent acquisition.
In total, 2051 proteins were identified and quantified at 0.7%

false discovery rate at the protein level. Among these, 228
proteins were from E. coli and the rest were human proteins.
A global inspection of the quantification data revealed only

0.65% missing values, which was calculated by dividing the
number of zero intensity values by the total number of intensity
values for all proteins in all replicates. This reflects both
instrumental integrity and peak detection and alignment
integrity of the software.
Technical Reproducibility: Precision

A prerequisite for precise label-free quantification is high
technical reproducibility. Protein intensity coefficient of
variation was calculated across the triplicates of each group of
samples (Figure 2). The median coefficient of variation of all
proteins across the three groups was 4, 6, 5, and 6% for groups
3, 7.5, 10, and 15, respectively. PCA was also used to visualize
the quantitative reproducibility. Figure 3 also shows the
resulting score plot of this analysis. Apart from one outlier in
group “7.5”, the technical replicates cluster tightly within each

group, providing further indication of the high technical
reproducibility. Log−log plots were also generated for all
pairwise comparisons and are shown in Supporting Information
file 2. The Pearson correlation between replicates ranged from
0.996 to 0.9998, providing further indication of the high
technical precision.
Quantification Accuracy
The E. coli digest was added in different ratios into the HeLa
digest to simulate expression differences. Although the E. coli
proteome contains thousands of proteins, spiking very low
amounts of it (up to 7.5% of the HeLa protein content in the
most extreme case) forces most E. coli proteins below the
detection limit for a typical data-dependent acquisition
experiment and ensures negligible effect on the total properties
of the sample. This served as a simulation of expression
differences in a few dozen proteins out of a background of an
unchanged complex proteome. Thus, for each E. coli protein,
the detected fold change was calculated across the samples and
compared with the expected value.
Three pairwise ratios were calculated across the four groups

of samples: 5:1, 2:1, and 1.5:1 (where 1 relates to the group
containing 15 ng of E. coli). Figure 4 shows the expected versus
measured median ratios for the E. coli proteins. The intensity
normalization factor was computed based on 20 human
proteins at the mid-intensity range (similar to the use of
house-keeping proteins in a real-life experiment). The detected
ratios were off from the expected values by 5%, 1%, and 22% for
the 5:1, 2:1, and 1.5:1 ratios, respectively. These results show
that, in this controlled experiment, label-free quantitation was
accurate and there was no under or over estimation of ratios, as
observed using some of the popular isobaric tagging
approaches.14,22

Hi-N Comparison
One of the challenges in bottom-up proteomics is to infer the
protein quantity from the peptide measurements (reviewed in
references 23 and 24). Several strategies have been suggested to
infer protein abundance from peptide intensities in MS1-based
quantification.16,18,19 Here we set out to compare several such
approaches, including iBAQ, all peptides per protein, and Hi-1
through Hi-5 peptides per protein. In the Hi-N approach, only

Figure 2. Overlaid density plots (normalized histograms) of the
protein intensity coefficient of variations (CV) in each of the four
groups of samples. The median CVs were 4, 6, 5, and 6% for the 3, 7.5,
10, and 15 sample groups, respectively.

Figure 3. Score plot from PCA based on all detected proteins. Apart
from group “1.5” (yellow), all replicates cluster together and the
different groups (i.e., 3, 7.5, 10, and 15 ng) cluster away from each
other, visualizing the differences between the groups.
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the N most abundant peptides per protein are used for
quantification by summation of their intensities in each sample.
iBAQ was calculated by summing all peptide intensities per
protein and dividing by the theoretical number of tryptic
peptides for the particular protein. Figure 5a shows overlaid
density plots for each of the methods for the quantified E. coli
proteins in a ratio of 2:1. All methods produced accurate
measurements; however, for Hi-1 and iBAQ, the distributions
are broader with evident tailing. This suggests that these two
methods are more prone to produce erroneous protein
quantification when compared to using Hi-2 and above. It

should be noted that Hi-all (all peptides per protein) includes
proteins identified and quantified by one peptide. Thus, the
calculated distribution for proteins quantified using all peptides
is negatively affected by those with Hi-1. It should also be noted
that, for each calculation, Hi-N (N = 1−5) proteins with less
than N peptides were filtered out. Therefore, using Hi-3 where
possible, while including proteins with N = 2 peptides, is the
best compromise between proteomic coverage and quantifica-
tion accuracy.
We also set out to compare the Hi-3 method with calculation

of the median peptide ratios per protein (Figure 5b), similar to

Figure 4. (a) Expected versus detected ratios of the E. coli proteins spiked into the HeLa digest. The bar graph shows the median ratio values. Error
bars show 95% confidence intervals. (b) Density plots of the three pairwise ratios (15:3, 15:7, and 15:10 ng), simulating 5-, 2-, and 1.5-fold changes.
The dotted line in the plots shows the expected log2(ratio) value for each comparison.

Figure 5. (a) Density plots comparing different protein inference methods: Hi-N (N = 1−5). All peptides per protein and iBAQ. The result is shown
for the 2:1 ratio. (b) Density plots comparing the Hi-3 protein inference method and the median peptide ratio per protein (similar to the way
protein ratios are inferred in SILAC analyses).
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the way the protein ratio is calculated in SILAC experiments.
While both methods produce an accurate measure of the ratios,
the Hi-3 was more precise.
False Quantification Rate
The presented data set provides a unique opportunity to
calculate an ad hoc false quantification rate (FQR) and
compare the resulting values using the aforementioned protein
inference methods. Several FQR methods have been reported
previously.25,26 Here we make use of the presented data set to
test how many proteins are falsely reported as changed. This
calculation was done based on the human proteins in the data
set, which were at a ratio of 1:1:1 and thus should be measured
as unchanged across all samples. We set three arbitrary
deviation thresholds of 10, 20, and 30% from the expected
ratio of 1:1:1. The FQR was calculated by dividing the number
of proteins deviating by more than a certain threshold by the
total number of human proteins. For example, a human protein
measured with a ratio of 1.15 would be counted as false positive
for the 10% threshold. A human protein measured with a ratio
of 1.4 would be counted as false in all thresholds. It can be seen
in Figure 6 that the FQR, for the 10% threshold, when using

two peptides per protein is 2.8 times lower than that using one
peptide per protein and 2.4 times lower when compared with
using all peptides per protein. At the higher deviations, the
differences between using two or more peptides per protein
versus using one or all are even more significant. This
demonstrates that using two peptides per protein or higher
reduces the false quantification rate significantly.
In order to investigate the issue of quantifying proteins based

on a single peptide, we compared the ratio distributions of the
E. coli proteins, highlighting those quantified based on one
peptide. The plots shown in Figure 7 highlight the challenge in
quantifying proteins using a single peptide. Interestingly, a
greater reduction in quantification precision is more apparent
for the higher ratio of 5:1 versus 2:1.
Comparison with MaxQuant
One of the most widely used software programs in the
proteomics field is MaxQuant21,27 (reviewed in reference 28). It

is used for analysis of labeled experiments, such as SILAC, and
also facilitates MS1 LFQ data acquired with Orbitrap
instruments. The presented raw data of the mixed human
and E. coli samples were processed with MaxQuant and
searched using the embedded search engine Andromeda.27

Protein intensity values generated by MaxQuant were
normalized based on 20 human proteins, which were in the
median intensity range, exactly as was done with the data
generated by the Expressionist software. The first inspection of
the data reveals that, with MaxQuant, 5.4% of the intensity
values were zero (missing values). Figure 8a shows a
comparison of the percentage of missing values in each sample,
between MaxQuant and Expressionist. In all samples, the data
generated by Expressionist contain significantly less missing
values. Figure 8b shows a visualization of the phenomenon. We
hypothesize that this is a result of the superior retention time
alignment of Expressionist.
The quantification precision was also compared between the

two software packages. The protein intensity CV was calculated
and presented as a density plot in Figure 8c. The median CV
for the data generated by Expressionist was 6%, whereas with
MaxQuant the median CV was 16%. Despite the greater
variability in protein intensity, MaxQuant reports fairly accurate
ratios of the E. coli proteins. However, it can be seen in Figure
8d that MaxQuant tends to overestimate the protein ratios,
which could potentially lead to false positive results in a real
experiment.

■ DISCUSSION
Presented was a well-controlled proof-of-concept study for
verifying the ability of a quadrupole orbitrap mass spectrometer
to perform MS1-based label-free relative quantification. While
there are many published experiments using such an
approach,29−32 it has not been validated using a quadrupole
orbitrap instrument, with the exception of Cox et al.,11 who
verified the quantitative dynamic range of the instrument.
Differing concentrations of digested E. coli proteins were

spiked into a HeLa digest, keeping the HeLa concentration
constant. This produced four groups of samples, three

Figure 6. Calculation of false quantification ratio for the Hi-N method.
The calculation is based on the human proteins, which were supposed
to be detected as unchanged. It was composed based on the number of
proteins deviating from the expected value of 1 by more than the set
threshold, divided by the total number of proteins, to produce an FQR
value.

Figure 7. Investigation of quantification based on single peptide
identifications. Presented are overlaid density plots for the 2:1 and 5:1
ratios, comparing protein intensities based on two peptides or more
and single peptides. It can be seen that, for the higher ratio,
quantification based on a single peptide is much more variable and
thus prone to error.
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replicates each, analyzed in Top20 data-dependent acquisition
on a quadrupole orbitrap mass spectrometer.
Initial inspection of the data showed high technical

reproducibility, with intensity coefficients of variation lower
than 6% on average. Given the complexity of the samples and
the size of the data set, this was an exceptional result, proving
that instrumentation alone (chromatography and mass
spectrometry) introduces negligible experimental variability.
Interestingly, the comparison between Expressionist and
MaxQuant revealed that software has a major impact on
quantification precision and accuracy. Inspection of the log−log
plots in Supporting Information file 2, where the same raw files
were processed by different software packages, reveals this fact.
Since MaxQuant does not allow manipulation of retention time
alignment or feature detection parameters, it is difficult to
investigate the cause of these differences.
Having established the low technical variability, ratio

calculations were presented in order to verify the quantification
accuracy. The sample with the highest E. coli concentration was
taken as the baseline, thus the ratios 5:1, 2:1, and 1.5:1 were to
be expected on average.
It was shown that accurate quantitation, to within 22% or

less, was achieved even for highly dilute proteins (low
abundance). Furthermore, differences as low as 1.5 to 1
could be accurately detected. This supports the power of
quantitation based on MS1 peak detection, where the
annotation of low signal peaks (which typically do not trigger
MS/MS) is derived from propagation of the high signal peak in
another aligned sample (also known as “match between runs”).

Quantitative protein inference methods were compared with
an emphasis on evaluating different settings of the Hi-N
approach. It was shown that the use of single peptides was
more prone to error and concluded that the Hi-3, while
including proteins quantified by two peptides, is a good
compromise between proteomic coverage and quantification
accuracy. It should be noted that the above conclusions are only
true in cases where the comparison is between groups of
samples with a similar genetic background. In cases where one
expects single nucleotide polymorphisms or other genetic
changes that result in unexpected peptide sequences, the
quantification should most likely be performed at the peptide
level.
Beyond instrument performance, there are two components

in the data processing scheme that are key to such accurate
quantification. The first is the ability of the software to
accurately align all features in time and m/z space. The
nonlinear alignment performed by the Expressionist software is
presented in Supporting Information and is one of the main
reasons for such low percentage of missing values. The second
key feature is the peak detection and isotopic clustering. The
balance between sensitivity of the algorithm to detect low-
intensity features and specificity of accurately assigning isotopic
clusters is critical for achieving accurate and precise
quantification.
The presented data set is ideal for comparison of software

packages used in proteomics. Here we compared the presented
workflow, based on the Expressionist software, with one of the
most widely used packages, MaxQuant. The effect of data

Figure 8. comparison of quantification precision and accuracy between the Expressionist software and MaxQuant. (a) Number of missing values in
each sample, comparing the two software packages. (b) Visualizing the extent of missing values using each software. The heat map shows black marks
for each zero value. (c) Protein intensity coefficient of variation density plots. (d) Quantification accuracy, showing the expected versus detected
median ratios, based on the E. coli proteins.
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processing on the output data was surprising. While the relative
quantification was comparable with both packages, MaxQuant
generated data that were significantly more variable with
significantly more missing values. We hypothesize that this is a
result of occasional misalignment of retention times in
MaxQuant.
In conclusion, it was proven that, in concept, MS1-intensity-

based label-free quantification is feasible using a quadrupole
orbitrap mass spectrometer. The data set is available online and
can serve as a resource for comparison of software tools,
normalization strategies, and any other step in a proteomics
informatics pipeline.
Finally, unlike other types of methods, label-free quantifica-

tion accuracy and precision is also highly dependent on sample
preparation reproducibility. Thus, in a real-life experiment,
validation should be performed for the sample preparation
protocol and quality control measures should be put in place to
ensure that the entire process of sample to data introduces
minimal experimental variability.
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