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Abstract: Nanoscience becomes one of the most cutting-edge research directions in recent years since it is gradually matured from basic to applied science. Nanoparticles (NPs) and nanomaterials (NMs) play important roles in
various aspects of biomedicine science, and their influences on the environment have caused a whole range of
uncertainties which require extensive attention. Due to the quantitative and dynamic information provided for
human proteome, mass spectrometry (MS)-based quantitative proteomic technique has been a powerful tool for
nanomedicine study. In this article, recent trends of progress and development in the nanomedicine of proteomics
were discussed from quantification techniques and publicly available resources or tools. First, a variety of popular
protein quantification techniques including labeling and label-free strategies applied to nanomedicine studies are
overviewed and systematically discussed. Then, numerous protein profiling tools for data processing and postbiological statistical analysis and publicly available data repositories for providing enrichment MS raw data information sources are also discussed.
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1. INTRODUCTION
Compared with the bulk phase, nanoparticles (NPs) and nanomaterials (NMs), which are of ultrafine particle size between one
nanometer to one hundred nanometers [1, 2], have unique characteristics of electrical, chemical and physical properties (e.g. semiconducting-, metallic-, magnetic-, and polymeric-nanosystems) [3],
and large specific surface area for guaranteeing their high biological
activity [4, 5]. These unique characteristics make NPs play an important role in nanomedicine [6, 7]. Nanomedicine, defined as an
application of nanotechnology into the medicine [8], is a newly
emerging field and aims at drug delivery and the diagnosis, treatment, and prevention of disease using NPs and NMs [8-10]. Due to
the advantages of improving effectiveness by biological targeting of
drugs, NPs are widely applied therapeutic and diagnostic approaches in disease [11]. In the field of drug delivery, nanoparticles
can reduce the toxicity of the drug and overcome the potential side
effects of conventional server therapies. As reported, NP-mediated
drug delivery could be used to directly target and deliver the NPs to
the given tissue, enhance the bioavailability and maintain the drugs
effect in the tissue. For example, gold nanoparticles were observed
to be good candidates for improving anticancer targeted drug delivery and drug release [12, 13]. It can carry and selectively release
drugs in the desirable tissue, aiming at reducing side effects of
drugs on normal cell and simultaneously elevating drug dose in
diseased cell [14].
A variety of techniques such as immunoassays [15], mass spectrometry (MS) [16], chromatography [16], protein-microarrays [17]
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and gel electrophoresis [18] could be applied to the nanomedicine
field. Among these techniques, MS is powerful to provide chemical
and structural information that is difficult to obtain through other
approaches. As reported, MS has become a current major tool due
to the desirable throughput, sensitivity, and identification as well as
quantitation capability. In particular, it can interpret the encoded
information in the genomes, analyze the orientation and conformation of the proteins and prefractionate protein mixtures [19] and
small sets of proteins isolated in specific functional contexts. Integrating MS with protein microarrays could provide the novel insight into protein analysis for nanomedicine study.
Owing to offering quantitative and dynamic information on
proteins by directly profiling protein expression [20, 21], MS-based
proteomics analysis plays an essential role in the realm of biomarkers-identification and characterization [22]. Most diseases’ diagnosis, treatment, and prognosis can benefit a lot from it [23]. However, its application may be limited due to such low abundance of
most diseases’ biomarkers [24]. Thus, in order to rapidly detect low
abundance biomarkers, a high-throughput technological platform
with the characteristics (ultra-sensitive and robust) is in urgent
need. Despite the recent technological progresses in MS, low concentration of biomarkers hinders the discovery of candidate biomarker [24]. Fortunately, the emergence of nanotechnology can
make up for this deficiency. For example, some nanoparticles can
entrap and concentrate the biomarkers to make them easier for MS
to detect [24, 25]. The superiority of integrating nanotechnology
into proteomics, including ultralow detection, high-throughput capability, real-time detection, and low sample consumption, can
achieve rapid detection on low abundance biomarkers. In sum,
nano-assisted MS remarkably enhanced detection efficiency of
proteins or peptides and contributed to the precision diagnostics
[17]. Till now, in MS-based nanoproteomics studies, diverse quantitative techniques (e.g., labeling, and label-free strategies) have been
© 2019 Bentham Science Publishers
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widely applied. Detailed application of liquid chromatography
(LC)-MS/MS-based proteome quantification to various aspects of
current nanoproteomics is systematically illustrated in Fig. (1). In
addition, a number of feature selection methods and available public resources have been developed and applied for accelerating
nanomedicine science process, especially the nanoparticle-based
targeted drug delivery system [26, 27] and nanomaterials-related
toxicity [28-30].
Herein, a well-rounded review of current MS-based techniques
for nanomedicine was provided. Moreover, the sources of data in
nano-based targeted drug delivery and various nanomedicinerelated toxicity studies from nanoproteomics perspective have been
systematically discussed. First, through the assessments of both
challenges and potentials, a variety of quantification techniques and
state-of-the-art feature selection methods are overviewed. Second,
numerous powerful computational nanoproteomics tools and publicly available data repositories are also discussed. Finally, the prospective orientation for MS-based quantification technique for
nanomedicine applications is also proposed.
2. MS-BASED QUANTIFICATION TECHNIQUES FOR
NANOPROTEOMIC STUDY
Label-free and labeling MS-based proteomics methods have
been widely applied to the various nanomaterials-associated studies
[31, 32]. The quantification workflows applied in the proteomic
study on nanomaterials are illustrated in Fig. (2), and the advan-
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tages and disadvantages of available proteome quantification methods for nanoproteomics studies are provided in Table 1.
2.1. Labeling Quantification Technique
Labeling quantification involves the addition of certain stable
isotope, heavy amino acids or isobaric tags for labeling the sample/cells to detect differences in protein abundance among different
samples [31, 32]. A number of labeling approaches were employed
for identifying certain changes in protein expression level when
studied samples were exposed to NPs [32]. These labeling approaches based on stable isotope labeling mainly include three
categories (metabolic labeling, enzymatic labeling, and chemical
labeling) for relative and absolute quantitation. As reported, metabolic labeling (e.g., stable-isotope labeling by amino acids in cell
culture (SILAC) and N-terminal labeling) could change protein
abundances from different samples to the same level, which made
the microbial communities not appropriate for this labeling method
[33], while chemical and enzymatic labeling based on different
isotopic tags could address this issue. In addition, proteome coverage, accuracy, precision and reproducibility of protein quantification were also reported to offer certain differences among the three
types of labeling methods. For example, the chemical labeling has
unique advantages in both reproducibility and precision compared
with the metabolic labeling [34].
In particular, affinity-tag isotope coded, isobaric-tag for relative-absolute quantification (iTRAQ), SILAC, isobaric labeling
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Fig. (1). Application of LC-MS/MS-based proteome quantification to various aspects of current nanoproteomics.
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Fig. (2). Schematic illustrations of label-based and label-free proteome quantification workflows applied in current nanoproteomics.

tandem-mass tag, N-terminal labeling, selected reaction monitoring
(SRM), terminal amine isotopic labeling of substrates (TAILS),
metal-coded affinity tag (MeCAT), isotope dilution, radiolabeled
incorporation, and mass-coded abundance tag, chemically synthesized the peptide standards. Almost all the labeling-based quantification methods have the advantages of relative peptide abundances
to be directly compared, and reliably detect lower fold changes in
protein intensity over a dynamic range from 10- fold to 100-fold. At
the same time, this technique has potential disadvantages, such as
the preparation of complicated samples, increasing number of
sample concentration demand and the incompleteness of labels. For
example, the SILAC-based labeling proteomic method has been
applied for investigating how the lung cells respond to SILACbased copper oxide nanoparticles [35], and the stable-isotope dimethyl labeling was utilized for evaluating the toxicity in NRK-52E
cells created by Nano Fe₃O₄ that is unmodified [31], and iTRAQ
was applied for identifying the effects of zinc oxide nanoparticles
on the expression of protein in rats [36]. Detailed descriptions on
current labeling proteome quantification methods for nanoproteomics studies are shown in Table 2.
2.1.1. Isotope-Coded Affinity Tag (ICAT)
The ICAT is the chemical labeling technique for identification
and relative or absolute quantification of the proteome. ICAT was
described by Steven P. Gygi and his colleague in 1999. It is a gelfree MS based isotopic labeling technique applied in quantitative
proteomics to compare up to two samples, based on a class of
chemical labeling reagents. The ICAT reagent is composed of a
biotin head, a junction and an iodine-activated carbonyl group that
specifically reacts with the cysteine side chain [31]. The difference
in the heavy isotope atoms is the substitution of eight deuteriums
and the light isotopes eight hydrogen atoms in the junction region.
Two samples of protein with d0 and d8, ICAT reagent tags, an a

pair of different markup peptides eluted at the same time can be
identified by the distance of 8kDa as signal [37]. Specifically, 14%
of the eukaryotic proteins do not have cysteine residues, so this
technique is not suitable for these proteins. There is also some
common weakness with 2-d pages, such as not being able to get
complete protein information [38].
The ICAT approach is based on two principles and includes
four sequential steps [39]. Furthermore, it has been reported that
ICAT recognizes the proteins that adsorb to nickel, aluminum and
diamond nanoparticles after being exposed to human serum when it
is based on dual-label approaches, and quantify the relative affinities with which these proteins bind [40].
2.1.2. Isobaric Labeling Tandem-Mass Tag (TMT)
The TMT is a chemical labeling technique applied for MS/MSbased proteome quantification analysis, which belongs to a family
of isobaric mass tags. It allows different samples determined by a
relative abundance that is accurate and sensitive [41]. If TMT is
combined with other methods, it can offer an alternative to gelbased quantification [41]. In the primary MS, the same peptides in
different samples labeled with any TMT reagent showed the same
mass-to-charge ratio [42]. In the secondary MS, TMT reported ions
were released from the cleavable bond fracture, and 10 TMT reported ion peaks were generated in the low mass areas of the MS
[43]. The TMT has been applied in a wide range of area that almost
any species of the protein can be separated and identified with low
abundance which reflects high sensitivity of this method as well as
analyzing 10 samples simultaneously [44]. Weitao Jia et al. applied
an integrated methodology of TMT method and cerium oxide
nanoparticles to evaluate precise stoichiometries in the phosphorylation progress of protein. It was also developed to estimate the
level of dephosphorylation of known phosphorylation-sites and then
quantify the phosphor-sites [45].
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The advantages and disadvantages of available proteome quantification methods for nanoproteomics studies.

Quantification Methods

Labeling

Advantages

Disadvantages

References

Chemical Labeling

More precise and more sensitive for detecting
protein expression with small fold changes; More
accurate quantification; Less instrument time;
More simple experimental design.

Identify fewer peptides and fewer proteins;
Require advanced MS instruments; Require
alternative fragmentation methods.

[175]

Metabolic Labeling

Allow samples grown in different states; More
suitable for samples at the protein level; More
suitable for fractionation and enrichment.

Less efficient for many biological systems; Less
accurate quantification; Feasible only for selected microorganisms and cell cultures; Limited with respect to the sample type.

[176]

Enzymatic Labeling

Great versatility; Conveniently handle different
samples; No chemical contamination labeling
clinical biopsies and animal tissue; Excellent
sensitivity;Highly specific isotopic labeling;
Complete and stable Labeling.

The label is introduced at the peptide level; The
in-spectrum dynamic range is limited; limited to
binary comparisons or series thereof; Back
exchange is reported.

[177]

Peak-instensity

Higher proteome coverage;Higher number of
protein identifications;Deeper coverage of the
genome;Larger dynamic range for protein identification;Straightforward and convenient;Better
capability to detect differentially altered proteins.

Less precise; Depend on the software used for
the data analysis.

[178]

Spectracounting

Higher proteome coverage;Higher number of
protein identifications;Deeper coverage of the
genome;Larger dynamic range for protein identification;Quantify more proteins.

Less precise quantification to proteins with low
spectral counts; Less sensitive to detect small
fold changes; Less accurate.

[34]

Label-free

Table 2.
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Currently available labeling proteome quantification methods for nanoproteomics studies.
Type of Quantification

Type of Nanoparticles

Brief Descriptions

References

Relative, Absolute

Diamondnanoparticles;
Metal oxide nanoparticles

This method makes denatured and reduced proteins residues labeled with
either the ‘heavy’ or ‘light’ ICAT reagent.

[179]

Relative, Absolute

Metal oxide nanoparticles;
Magnetic nanoparticles

The TMT method can modify primary
amino groups in proteolytic peptide
mixtures based on multiplex TMT reagents.

[180]

Isobaric tags for relative and absolute
quantification
(iTRAQ)

Relative, Absolute

Carbon nanoparticles; Metal
oxide nanoparticles

The iTRAQ method modifies primary
amino groups in proteolytic peptide
mixtures by using multiplex iTRAQ
reagents.

[51]

Chemical
labeling

Dimethyl labeling

Relative, Absolute

Silica Nanoparticles

This method makes digested and derived
sample peptides labeled with isotopomeric dimethyl label.

[181]

Chemical
labeling

Terminal amine isotopic labeling of substrates (TAILS)

Relative, Absolute

TAILS enriches and identifies both
natural and proteolysis-generated protein
N-termini based on isotopic labeling of
amines.

[182]

Metabolic
labeling

Stable isotope labeling
with amino acids in
cell culture (SILAC)

Relative, Absolute

SILAC carries heavy stable isotopes and
is introduced in all newly synthesized
proteins, supplying labeled amino acid.

[183]

Type of
Labeling

Methods

Chemical
labeling

Isotope-coded affinity
tags (ICAT)

Chemical
labeling

Isobaric labeling tandem mass tags (TMT)

Chemical
labeling

Gold
nanoparticles

Silver nanoparticles;Metal
oxide nanoparticles

(Table 2) Contd....
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Type of Quantification

Type of Nanoparticles

Brief Descriptions

References

Proteolytic 18O Labeling

Relative

Magnetic nanoparticles;
Diamond nanoparticles

This relies on class-2 proteases to catalyze the exchange of two 16O atoms for
two 18O atoms at the C-terminal carboxyl group of proteolytic peptides.

[184]

Others

Isotope dilution

Absolute

Silver nanoparticles; Gold
nanoparticles

The isotope dilution method can make
protein quantification based on internal
standards (isotope labeled proteins).

[66]

Others

Mass-coded abundance tagging
(MCAT)

Relative

Silver nanoparticles

TheMCAT method can relative is based
on guanidination of lysine (lysines to
homoarginine).

[71]

Type of
Labeling

Methods

Enzymatic
labeling

2.1.3. Isobaric-tag of Relative-Absolute Quantification (iTRAQ)
The iTRAQ is a chemical labeling technique and can conduct
relative-absolute quantification for isotopic labeling in vitro, which
uses isotope reagents to mark 8 polypeptide samples simultaneously
[46]. In this method, low abundance protein can be detected, and
almost any species of the protein would be isolated and identified
rapidly by the high throughput of LC with tandem MS [47]. After
the labeled polypeptide samples are mixed equally, the first stage of
mass spectrometry (MS1) and the second stage of mass spectrometry (MS2) information of every peptide segment are obtained by
separation and MS study [48]. In primary MS, the identical peptides
from various datasets exhibit an identical ratio between mass and
charge. In 2nd MS, the ratio between mass and charge of peptide
and iTRAQ signal are reported, involving relative protein expression. It has been widely used in the research of the mechanism of
differentiation and development of animals or plants and the screening of medical biomarkers [49]. In 2004, Darryl Pappinet et al.
evolved iTRAQ [50], which increases throughput as well as reducing experimental error [51]. Thus, it can cut down the time-length
of MS-based study [52].
2.1.4. Stable Isotope-Labeling of Amino-Acids (SILAC)
SILAC is simple, inexpensive, and accurate, based on MS
quantitative proteomic method, which uses stable isotope labeling
by amino acids in the cell culture and binds specific amino acids to
mammalian proteins in vivo to detect differences in protein abundance among samples [53]. Multiple proteins can be identified simultaneously by MS and isotope labeling has high efficiency, stability, good repeatability and only a small amount of protein required as specimen, as the results are closer to the true physiological state [54]. Newly synthesized proteins were marked since the
cells were prepared with essential amino acids (mostly Arg and
Lys) labeled with isotopes (light, medium or heavy). Normally, the
cells are labeled with isotopes after being cultured for 5-6 generations. The quantitative and qualitative results of the protein could be
obtained via LC-MS/MS analysis. This method has been used to
quantify the changes in protein production such as the differentiation procedure of muscle cell, investigating the lung cell response to
copper oxide nanoparticles SILAC-based [35].
2.1.5. Metal-Coded Tag (MeCAT)
The MeCAT method has been designed as a chemical labeling
technology based on MS to investigate the difference of the proteome in the studied organism, allowing to determine protein quantification with low detection limits. It applies a mass shift between
various proteins or peptides by encoding them with lanthanide ions
trapped in a DOTA -based macrocyclic complex [55, 56]. The MeCAT method produces precise absolute quantitative results on the
protein or peptide level regardless of where the workflow is applied
[57]. Combining DOTA with different lanthanide ions is the way in

which metal-coded affinity labeling is used in metal chelation.
Metal complexes are attached to cysteine residues in the protein
sample [58]. Proteins were then separated by 2-D electrophoresis
and studied by Matrix-assisted laser desorption/ionization
(MALDI) or use the electrospray ionization (ESI)-MS to relatively
quantify proteins or through the inductively coupled plasma (ICP)MS for precise absolute quantification [57]. Since the detection
limits of rare earth metals are extremely low, they can be accepted
for the use of proteomics. Although MeCAT is compatible with
relative and absolute quantifications in top-down and bottom-up
platforms, but it is laborious [59].
2.1.6. Terminal-Amine Isotopic-Labeling of Substrate (TAILS)
and Isotope Dilution
The TAILS is an innovative multiplex quantitative proteomics
technique to determine N-terminomes and identify protease substrates and cleavage sites in biological samples. It can discover the
proteome of studied targets using proteins’ N-terminals and differentiates their concentrations across various targets. Specifically, it
adopts the trypsin digestion and breaks the proteins’ N-terminal
[60]. Moreover, it removes tryptic-protein, which is superior compared with other methods depending on free amino-acids of protein
N-termini [61], and makes the assignment of different peptides to
their corresponding proteins highly accurate [62]. This method has
been applied to associate proteins with diverse sets of signalingpathways in the catastrophic diseases and gives an improved illustration of the protein molecules related to the disorder [63]. Isotope
dilution analysis has been introduced by David Rittenberg in the
1930s, which is popular for measuring the quantity of chemical
substances [64]. Isotope dilution has been used to assess a diverse
set of analytes, which integrate the IRMS measures, and contain a
known level of subjects to the studied target. Due to its advantages,
the isotope dilution is known to be of superior metrological standing [65]. Sötebier has separated and quantified the NPs and ions by
the HPLC together with both isotope dilution and MS [66].
2.1.7. Stable Isotope-Labeled Proteins
With the wide application of metabolic imaging, radiolabeled
amino acids are gaining increased interest among researchers in the
field of life science [67]. One or more atoms of a compound molecule can be replaced by radionuclides for identifying as a tracer.
The labeled compound can be tracked by radiometric technique.
Among radionuclides, carbon14 (barium carbonate), tritium (tritium
gas), iodine 125 (sodium iodide solution), iodine 131 (sodium iodide solution), phosphorus 32 (phosphate solution), etc. are commonly applied for labeling compounds [68]. Three methods including isotope exchange, chemical synthesis and biochemistry are
often applied for radiolabeling [69]. In 1999, Peracchia et al.
showed that PHDCA-based NP could help enlarge circulation and
decrease the accumulation of liver [70].
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2.1.8. Mass-Coded Abundance Tagging (MCAT)
Mass-coded abundance tagging (MCAT) is an effective technique for relative quantitation of proteins [71]. It offers a method
for de novo sequencing of peptides/ proteins present at low levels in
complex biological mixtures in a systematic, reproducible, and
straightforward manner. The samples can be complex protein mixtures and may be different cell types, such as immune-precipitates
or cell lysates [72]. To produce peptides with C-terminal lysine or
arginine residues, the samples are extensively digested with trypsin
at first. Then, the sample is processed by O-methylisourea, a reagent which modifies the ɛ-amino group of lysine side-chains, enabling it to convert to homoarginine quantitatively. This increases
the mass of the modified peptides by 42 amu per lysine residue,
instead of significantly affecting the ionization or fragmentation
efficiencies using standard LC-MS conditions. The quantification
technique has advantages of operating easily, is cost-effective, and
efficacious, compared with other labeling quantitation ones, especially for quantifying complex protein mixtures.
2.2. Label-Free Quantification Technique
The label-free quantification method directly refers to quantifying proteins in tissues or cells or biological fluids and makes a
large-scale analysis by linking protein abundance to mass spectrometric signal intensity [73] of the polypeptide and count of MS
correlated to proteins when no isotopic or chemically modified
proteins or polypeptides are employed [74]. Because label-free
quantification can simultaneously identify and quantify proteins
without the laborious procedure of isotope-labeling, it is widely
used [32, 75], making label-free quantification have unique and
advanced advantages, namely simplicity of the experiment and the
ability to process a large number of samples [76]. However, the
label-free method is highly susceptible to technical differences,
while the quantified targets are separately assessed, and the unlabeled method has specific deficiencies in the accuracy, precision,
and reproducibility of quantification [34]. The isotope labeling
strategy is more accurate and precise than the label-based strategy
described previously, but the labeling step is not only complicated
but also quite expensive. Moreover, the quantization based on isotope is restricted by the specific number of sample and cannot be
applied with every experimental design. In contrast, it is more accessible to apply the label-free method, and there is no limit on the
number of samples, but the performance regarding quantization
accuracy and accuracy needs to be improved [34]. Detailed descriptions on current label-free proteome quantification methods for
nanoproteomics studies was shown in Table 3.
These superiorities provide great potential to study protein
abundance among different samples. Label-free quantitation methods can be classified into two unique groups: (1) the precursor ion
spectra-based measurement of signals intensities; (2) MS/MS experiment-based spectral counting, which can be used to count the
number of peptides correlated to their corresponding protein target
[77]. This process for the area under the curve (AUC)-based proteins quantitation, is not related to the stable isotope standard, inTable 3.
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cluding the measuring of ion abundances or signal intensity for the
ionized peptides given at a specific retention time, customarily
termed as ion counts or peak intensity [78]. Acquisition is optimized in the independent data mode, recently, because it is
unworkable for data-dependent MS to analyze the low-abundance
proteins, , which exist in the celery secretome, as identified by
using peak intensity method [79]. Albeit it’s a straightforward strategy, it conceptually guarantees reproducibility and accuracy of
detection and quantitation among different samples when analyzing
multiple samples, taking considerations like consistency of
retention times, repression of noise, choice of the optimum peak,
and normalization of peak abundance into account [78, 80]. One
crux of the AUC approach is how to balance the survey and fragment scans for the sake of obtaining accurate quantitation as well as
the maximum amount of protein identification. Spectral counting is
proportionate to the protein amount acquired by the data-dependent
method [81]. The strategy of spectral counting is of great diversity
because of the normalization factor from summing spectra to modifying counts, and more recently, integrating strategies for the
mushroom accuracy. However, there do exist some shortages in
spectral counting, one of them being the bias and mutation in the
measurement of MS caused by the peptides with different inherency
of physicochemical properties.
In label-free quantification, two main quantification approaches
(peak intensity and spectral counting) are frequently used to protein
relative abundance. Anna Laura Capriotti et al. used the label-free
method based on peak intensity and spectral counting for devising a
gene-delivery system with the study of interactions between NPs
and plasma proteins [32]. Moreover, Sabrina Gioria et al. studied
the impact of silver NPs (AgNPs) on Caco-2 cells at the level of
protein using peak intensity-based label-free proteomic technique,
and gave an insight into the mechanism of AgNPs [82]. Li Xu et al.
analyzed the dynamic procedures of hydrogen peroxide-caused
protein damage [83]. Ghazala Mustafa et al. introduced label-free
proteomics based peak intensity to investigate the impact of Al2O3
NPs on soybean growth, which showed that under flooding stress,
the soybean treated by Al2O3 NPs has a lower root-tip cell-death
rate [84]. Spectral counting-based LFQ has been applied to analyze
the unique corona composition on magnetic NPs, which show the
interaction with primary human macrophages [85].
3. NORMALIZATION FOR PROCESSING NANOPROTEOMIC DATASET
Although MS technologies are developing steadily, the data that
the MS analysis produced are easily influenced by the systematic
biases [86]. However, the bias can not be taken into full consideration by only adjusting the experimental settings because of the exact unknown cause of the deviation [87]. When the peptide signal
propagates over a large retention time, leading to overlapping with
co-eluting peptides, researchers pay more attention to LC [77].
Moreover, the intensity of MS, the technical variation of retention
time, background noise caused by chemical interference and biological variations which lead to multiple signals for the same pep-

Currently available label-free proteome quantification methods for nanoproteomics studies.

Methods

Type of Quantification

Type of Nanoparticles

Brief Descriptions

References

Peak intensity

Relative, Absolute

Nanoparticle–protein complex pellet; Iron nanoparticles; Silver nanoparticles; Iodide-modified Ag
nanoparticles;Metal oxide nanoparticles.

Peak-instensity is based on the measurement of precursor ion current areas.

[82]

Spectracounting

Relative, Absolute

Nanoparticle–protein complex pellet; Magnetic
nanoparticles.

Spectra-counting is based on counting the
number of spectra on tandem MS.

[85]
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tide, are other vital concerns that are required to be taken into account [77]. Based on AUC, these aspects of quantitation are required to clean up the original LC-MS data computationally [88]. In
order to give an assessment and comparison of peptides in the following aspects, such as experiments, noise repression, optimal peak
selection, and peak abundance normalization, the consistency of
retention time needs to be taken into account during the process of
original LC-MS data by computational techniques [89]. More comparable data are offered and subsequent series of analysis are more
reliable through normalization [86]. Normalization of peak intensity
values of proteolytic peptides which came from the platform based
on LC-MS, plays an important role in the removal of systematic
noise caused by sample processing and MS experiment [90]. Actually, in proteomics, all regularly applied normalization methods are
of difference. These methods can be divided into scaling methods
(such as normalizing by auto, linear regression), use of quality
control samples [91]. Specifically, in the label-free proteomics
analysis of the Parkinson model, some methods are frequently utilized to normalize the peptide concentration coming from LCFTICR (Fourier-transform ion cyclotron resonance) MS [92]. Lily
Ting et al. did their research on the identification of a maximum
number of proteins with different richness of the metaboliclabeling proteomics in a marine bacterium by applying median
normalization and lowess normalization [93].
4. FEATURE SELECTION TECHNIQUES FOR NANOPROTEOMICS
Feature selection refers to selecting a subset of features which
are relevant with the classification of studied samples. Feature selection methods aimed at identifying significant differential features between different sample groups [94-96]. Methods for feature
identification or selection are of great importance in nano-medicine
applications [97], especially in NPs exposure biomonitoring [98].
The applications of these methods not only facilitate the identification of optimal significant differential physicochemical descriptors
but also contribute to toxicity prediction of NMs [99]. For instance,
feature selection method analysis of variance (ANOVA) was applied for analyzing and identifying differential proteins by induced
silver nanoparticles for exhaustive mechanism of how nanomaterials traversing the lipid membrane of a given cell type [100, 101]. So
far, a large number of techniques have already been established and
developed to identify the relationship between the cellular toxicity
of NMs and their physicochemical descriptors [97]. For example,
multivariate feature selection methods are often employed exploring discriminating classification of nanomaterials between toxic and
nontoxic [99]. In the area of food and beverage packaging, Carmen
Sanchez Reig employed the Multi‐Criteria Decision Analysis to
select the nanomaterials using in food packaging [102]. Ghalati et
al. developed a feature selection method so that they could have
knowledge about the deposition of nanoparticles in the specific part
of the body [103]. A QSTR-perturbation model is developed with
the purpose of taking into account the size, chemical composition as
well as measurement conditions of nanoparticles, and also predict
the cytotoxicity of various nanoparticles against several mammalian
cell lines simultaneously [104].
According to the specific theories of screening the variables and
classifying the distinct groupings, types of feature selection methods could be grouped to filter, wrapper, and embedded categories.
Because of different feature selection methods, it is feasible to
select the best descriptor among NMs or the relevant proteins induced by the NMs. After evaluating several NMs, structure-activity
relationships building model, Liu R et al. found that the support
vector machine (SVM) model performed better in knowing the
toxicity mechanisms of metal ions as well as metal oxide NPs
[105].
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5. PROTEOMIC QUANTIFICATION DATABASE
It is well known that it saves a lot of energy and time for science researchers when performing label-free quantification experiments if they are provided with the prepared and validated proteomics data. Currently, there are many databases including multiorganism compendium data based on MS proteomic, such as PRoteomicsIDEntifications database (PRIDE) [106], ProteomicsDB
[107], PeptideAtlas [108], and Global Proteome Machine Database
(GPMDB) [109]. Moreover, well-established resources aiming at
proteomics data based on MRM (multiple reaction monitoring) are
accessible, such as Clinical Proteomic Tumor Analysis Consortium
(CPTAC) [110], MRMAssayDB [111], PanoramaWeb [112], PeptideAtlas SRM Experiment Library (PASSEL) [113],
PeptideTracker [114], and SRMAtlas [115]. In addition, Plasma
Proteome Database (PPD) [112] is dedicated to proteins assays
reported in the plasma and serum. Detailed information on currently
available data repositories for providing the MS-based proteomics
data was provided in Table 4.
As an open-source repository, CPTAC [110] is from the National Cancer Institute (NCI) with well-characterized aiming at
proteomic assays. The main purposes of CPTAC are to implement
robust quantification of the whole human proteins as well as standardizing the quantification of targeted MS-based assays [116,
117]. Moreover, as the largest public data repository, GPMDB with
comprehensive information about proteomic based on tandem MS
provided great convenience to the researchers and scientists [118].
In addition, the main purpose of GPMDB was to offer data to the
scientists who participated in proteomics with tandem MS [109,
119]. Furthermore, as a web-based tool, MRMAssayDB with the
abilities of mapping and linking the targeted assays have integrated
many databases into a single repository [111, 120]. MRMAssayDB
can annotate the proteins with details provided by Kyoto Encyclopedia of Genes and Genomes (KEGG) pathways, UniProtKB, and
Gene Ontologies, and it can also offer comprehensive searching for
the targeted-proteomics assay based on the needs of the users,
mainly through the target protein name, accession number, and
annotations, for instance, pathways and disease associations.
Moreover, MRMAssayDB with the visualization options increased
the convenience of the users [121-123].
As an online resource with the abilities to store, share and analyze the targeted proteomic tests based on Skyline [119, 124], PanoramaWeb offers the users comprehensive viewpoint for the peptides, consisting of chromatograms for the precursors of replicates
as well as plotting the peak area integrations [112, 125]. Moreover,
as a generic data repository, PASSEL makes it easy for the users to
submit proteomic datasets obtained from SRM (selected reaction
monitoring) [113]. The results of New MRM experiments or the
related primary data can also be submitted by the researchers.
Moreover, the results of the corresponding internally process can
also be accessible by the researchers. Furthermore, after more than
ten years’ development, PeptideAtlas as a web-available and public
database has developed into a multi-organism compendium containing proteomics data based on shotgun MS [126-128]. The results
obtained from the analysis of the MS native data files by the standardized ways are returned to the community by such resource. In
addition, PeptideAtlas has also gradually developed into a key
source, which can be used to design experimental plan, mine data,
refine the annotation of the genome, and play a vital role in the
development of experiments based on targeted proteomics [108,
129].
As a knowledge repository, the purposes of PeptideTracker are
to collect and store information about the concentration variation of
proteins in the bio-tissues [114]. The information is provided by
PeptideTracker with the capacity of tracing various experiments as
well as the acquiring protocols and conditions employed. In
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Currently available data repositories for nanoproteomics studies.

Database

Raw

Type of Download

Data

(File Format)

Login

Brief Descriptions

References

CPTAC

No

Yes

raw; mzML; PSM;
prot; meta

A public repository of well-characterized, MS-based, targeted
proteomic assays.

[110]

GPMDB

No

Yes

xml

A publicly available proteomic data repository derived from tandem mass spectrometry.

[109]

MRMAssayDB

No

No

csv

An integrated resource for validated targeted proteomics assays.

[111]

PanoramaWeb

Yes

Yes

sky; skyd; blib

An open-source and freely available targeted proteomics knowledge base.

[112]

PASSEL

No

Yes

xml

A kind of proteomic data repository for the collection and representation of data from SRM.

[113]

PeptideAtlas

No

Yes

raw; wiff; mzML;
fasta

A multi-organism, publicly accessible compendium of peptides
identified in a large set of tandem mass spectrometry proteomics
experiments.

[126]

PeptideTracker

No

No

csv

A knowledge base for collecting and storing information on protein concentrations in biological tissues.

[114]

PPD

No

Yes

xml; xls

This is one of the largest resources on qualitative and quantitative
information on proteins reported in plasma and serum.

[112]

PRIDE

No

Yes

raw(Thermo); wiff;
xml; mgf; mztab; dat;
fasta

It is one of the world-leading data repositories of mass spectrometry (MS)-based proteomics data.

[106]

ProteomicsDB

No

Yes

raw; csv; sif; svg; png

It is a protein-centric in-memory database for the exploration of
large collections of quantitative mass spectrometry-based proteomics data

[107]

SRMAtlas

No

Yes

fasta; xml; mysql

A Resource of Targeted Assays to Quantify the Complete Human
Proteome.

[115]

addition, according to the submitting histories of the users behind
the PeptideTracker, the datasets of the submission are generally
from the tissues of mouse and human [130]. Moreover, PPD was
primarily described in 2005, which is one of the largest sources of
proteins contained in the plasma and serum [112]. Qualitative and
quantitative information provided by PPD about the proteins in
plasma and serum can be essential for the discovery of biomarkers,
and proteins in the extracellular vesicle isolated from plasma can
also be obtained.
As one of the most famous and widely accepted data repositories, the PRIDE PRoteomicsIDEntifications (PRIDE) is a database
containing the MS-based information, such as the identifications of
proteins or peptides, post-translational modifications and supporting
spectral data. In addition, as a key member in ProteomeXchange
consortium, PRIDE with the ability to provide a single point for the
submission of proteomics data based on MS to the common repositories is widely used by the researchers [106, 131, 132]. Moreover,
with the capacity of exploring large collections of proteomics data
based on MS, ProteomicsDB as a protein-centric in-memory database with a convenient user interface helps researchers to deal with
information in the protein-centric style [107]. From the interface,
there are some options that can be used to download the data the
users are interested in. Furthermore, as a compendium towards
targeted proteomics assays, SRMAtlas is capable of detecting and
quantifying protein or peptide in complex proteome digests through
MS, and the data can be obtained in www.srmatlas.org [115]. De-

finitive coordinates identifying the peptides from the biological
tissues can be provided by human SRMAtlas.
6. TOOLS FOR ANALYZING PROTEOME QUANTIFICATION
The early stage processing and post-biological statistical analysis (aiming at identifying differential expression proteins) is pivotal
in the drug discovery against cancer [133]. In proteomics research,
a number of resources are freely accessible for processing and visualizing proteomic data, which including web-based software resources and stand-alone resources. As known, compared with
stand-alone applications, the web-sever is available as online software regardless of the users’ platform, offering advantages over
stand-alone applications for accessibility and software updates.
Nevertheless, web-servers are slower than the stand-alone software
on account of the time cost of web connection and the shared characteristics of the computing element [130, 134]. Table 5 listed recent web servers and stand-alone software or packages and a brief
introduction of each. These tools are open source and can be used in
theWindows operating system and can be divided into two kinds
based on their function: for data preprocessing and for statistical
analysis. Among them, some quantification tools are available for
both the two functions. As for only data preprocessing tools, nearly
all the tools can make normalization and log transformation, but
EXIMS, Phosphor-normalizer and QPEP cannot log transform.
Among these preprocessing tools, Normalyzer can not only
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Descriptions of software currently available nanoproteomics studies.

Quantification Tool

Tool Type
(Language)

Operatingsystem

Type of Input
Developer

References

(File Format)

(1) Workflows (Both Preprocessing and Statistical Analysis)
aLFQ

Open Source (editable R)

Windows;
Linux

Log Transform, NSAF,
etc.

ETH Zurich

[135]

DAPAR &ProStaR

Open Source (editable R)

Windows;
Linux; OSX

Quantile, etc.

Universite´ Grenoble
Alpes&CEA&INSERM

[155]

DanteR

Open Source (editable R)

Windows

EigenMS, etc.

Biological Sciences Division, Pacific
Northwest National Laboratory

[147]

GiaPronto

Open Source (editable R)

Windows

Log Transform, Mean
Centering, etc.

University of Pennsylvania

[157]

Gmine

Open Source (editable Java, R, Perl)

Windows

EigenMS, etc.

QIMR Berghofer Medical Research
Institute

[159]

Msstats

Open Source (editable python)

Windows

Log Transform

Northeastern University

[143]

Perseus

Open Source (editable Java)

Windows

Log Transform, Rank
Normalize, etc.

Max-Planck Institute for Biochemistry

[133]

RIPPER

Open Source (editable Java)

Windows

Proximity Intensity, etc.

University of Minnesota

[154]

mapDIA

Open Source (editable C++)

Windows

Log Transform, LOWESS, etc.

National University of Singapore

[161]

(2) Workflows (Data Preprocessing)
EXIMS

Open Source (editable R)

Windows

Sliding Window, etc.

University of Melbourne

[141]

EasyProt

Open Source (editable Java)

Windows

Log Transform, Median
Centering, etc.

Swiss Center for Applied Human
Toxicology

[137]

LFQbench

Open Source (editable R)

Windows;
Linux

Log Transform, Total
Intensity

Institute for Immunology, University
Medical Center of the JohannesGutenberg University Mainz

[169]

NOREVA

Open Source (editable R)

Windows

Log Transform, CCMN,
etc.

Chongqing University

[80]

Normalyzer

Open Source (editable R)

Windows;
Linux

Log Transform, Total
Intensity, etc.

Lund University

[86]

Phosphornormalizer

Open Source (editable R)

Windows;
Linux; OSX

Pairwise, etc.

University of Minnesota

[151]

QPEP

Open Source (editable R)

Windows

RUV Normalization, etc.

University of Sydney

[172]

SPNAS

Open Source (editable R)

Windows

Log Transform, Linear
Regression, etc.

Pacific Northwest National Laboratory

[90]

(3) Workflows (Statistical Analysis)
ROTS

Open Source (editable R)

Windows;
Linux

ROTS

University of Turku

[164]

ProteoSign

Open Source (editable Java, R, PHP)

Windows

Linear Models For Microarray Data

University of Crete

[167]
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automatically output normalized data based on various normalization methods as in other data preprocessing software, but can also
output an evaluation report. As for only statistical analysis tools,
there are ROTS and ProteoSign. The former aimed at using reproducibility-optimized test statistic to identify biomarkers between
two different groups. The latter mainly applied common linear
models to find out differential protein from the output of MaxQuant
and Proteome Discoverer quantification. As for tools which are
both for preprocessing and statistical analysis, DAPAR &ProStaR,
DanteR, Gmine and RIPPER do not include log transformation, but
they can normalize the data produced by various protein abundance
estimation methods. In addition, DAPAR &ProStaR, GiaPronto,
Gmine, and Perseus are free user-friendly online softwares. Others
are based on stand-alone software or R packages or framework.
Among the above mentioned resources, the aLFQ, Normalyzer,
phosphonormalizer, DAPAR &ProStaR,
and LFQbench
andmsCompare resources were reported to be only available for
label-free proteome quantification technique, while the other web
tools or packages including EasyProt, MSstats, PIQMIe, Perseus,
GiaPronto and ROTS were accessible for processing and analyzing
data from both labeling and label-free proteome quantification.
Overall, these resources have greatly facilitated the development
and advancement of nanoproteomics. The detailed descriptions
about these tools are as follows.
It is an open-source bioinformatics tool named aLFQ which
supports the calculation of protein quantities by all kinds of methods and offers automatic work process for data analysis. The popular absolute label-free quantification methods for LC-MS/MS proteomics data, such as TopN, APEX, iBAQ, SCAMPI, and NSAF,
can also be supported by aLFQ [135]. aLFQ has been used in the
identification of prostate cancer biomarkers in urinary exosomes
[136]. Moreover, with a modern and actional web server interface,
EasyProt also has some exclusive features, for instance, false discovery rate (FDR) estimation and completely combined isobaric
labeling and label-free quantification analysis [137]. The essence of
EasyProt is that after the identification work, one can adjust the
false discovery rate, and not the submission time. The EasyProt
platform includes the entire process of a specific data file format
generated by the mass spectrometer and the identification and quantification results that are analyzed by specialists with a variety of
backgrounds. EasyProt has been applied to identifying potent markers of ovarian cancer [138, 139].
An automated data analysis pipeline called EXIMS
(http://exims.sourceforgot.net/), applies a fresh spatial distribution
extraction method and sliding window normalization (SWN) to
obtain optimal imaging mass spectral data based on peak intensity.
By collecting features from molecular [140] image and decreasing
medoid distances, EXIMS can calculate the number of possible
groups by using a modified version of the subject descriptor and the
gray level coexistence matrix. EXIMS has been used in imaging
proteome data analysis of rat brains [141, 142]. Moreover, as an
open-source package with an unrestricted family of linear mixed
models, Msstats (www.msstats.org) provides statistical analysis for
relative quantification data for proteins and peptides [143]. With the
novel feature of model-based analyses and sample data, MSstats 2.0
can support existing current computational tools and facilitate their
use by integrating the methodology across labeling and label-free
operational procedure and several data acquisition strategies.
Msstats is essential for the diagnosis of colorectal cancer through
circulating plasma proteins [144, 145].
A web server named PIQMIe focuses on semi-quantitative proteomics data analysis and visualization for labeling and label-free
proteomics experiments, and directly analyzed proteins identification and quantification results from MaxQuant quantification tool.
It integrates several experimental peptides and protein recognition
and quantification, and then generates a lightweight relational database which contains the linked data available and enables user--
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driven queries. Moreover, a succinct summary of users’ proteomics
experiments in visual forms will be provided. PIQMIe has been
applied in a lately enunciable SILAC-based proteomics research
about bone formation and mineralization [146]. Moreover, a diagrammatic R package named DanteR (http://omics.pnl.gov/ software) has a specialty of comprehensive functions on statistics and
diagnosis for quantitative proteomics data processing (including
labeling and label-free proteomics experiments), containing imputation, normalization, visualization, hypothesis testing and peptide-toprotein rollup [147]. Moreover, users may conveniently broaden the
present function by adding personal algorithms under given AddOn tab. The previous study uses DanteR to analyze protein quantitative expression of ovarian and breast cancer tumor peptidomes
[148].
A software platform containing an extensive portfolio of statistical tools, named Perseus, supports biological and biomedical researchers in high-dimensional omics data analysis such as time
series analysis, normalization, pattern recognition, multiple hypothesis testing and cross-comparison comparison. With a machine
learning model which imports classification and identification for
diagnosis and prognosis based on existing patient groups, Perseus
probes predictive protein features and supports the downstream
analysis for MaxQuant quantification data based on labeling and
label-free proteomics experiment. This tool has been applied in
cancer-cell proteomes based on quantitative mass spectrometric
profiling [149]. Moreover, an open-source software proposed to
assess the applicability of all normalization methods, named Normalyzer (http://quantitativeproteomics.org/normalyzer), can automatically output normalized data based on various normalization
methods and an evaluation report [86]. The input data includes
targeted MS, DNA microarrays, metabolomics or label-free proteomics. The Normalyzer has been applied to the background proteomic and phosphoproteomic datasets for discovering mental uneasiness signal in the mouse model [150].
An R package named phosphonormalizer (https://bioconductor.
org/packages/phosphonormalizer) is freely available from Bioconductor [151]. It can normalize label-free MS-based phosphoproteomics data from enriched samples to address bias produced by
commonly Global centering-based normalization. The core of
Phosphonormalizer is pairwise normalization method, which has
predominant manifestation compared to other normalization methods [151, 152]. Moreover, a framework called RIPPER focuses on
label-free relative quantification of mass spectrum for multi-omics
studies. In particular, it integrates several already published algorithms which are designed for pre-processing, retention time alignment, analyte quantification, and analyte grouping across runs.
Moreover, this tool performs based on proximity intensity normalization as the first framework [153]. RIPPER has hope to be used in
both label-free quantification proteomics and analyte information
extraction for metabolomic studies [154].
A bioinformatics software termed DAPAR &ProStaR can accomplish the label-free based XIC quantitative proteomics data
analysis. DAPAR includes workflows for calculating missing values, filtering, normalizing, calculating peptide abundance, achieving zero-hypothesis testing, and seeking out the most likely differentially expressed proteins, and applying false discovery rates.
ProStaR's visual user interface makes it easy to access DAPAR
functionality through a browser. ProStaR is a visual user interface
that gives convenient access to the DAPAR functionalities using a
web browser [155, 156]. Moreover, a free dynamic web tool,
GiaPronto, could be applied for performing statistical analyses and
visualizations of proteomics data with only one click [157]. The
software accomplishes normalization and statistics, helps selection
of regulated proteins, biomarkers, and Gene Ontology (GO) enrichment, and offers high-resolution pictures and tables for further
study. It also supports all kinds of proteomics quantification meth-
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ods, such as SILAC isobaric labeling, label-free and process posttranslational modifications (PTMs) [158].
A friendly online software named Gmine permits nonspecialists
to exploit, cluster and contrast multidimensional biomolecular
datasets with a number of help pages and a tutorial. It can also
complete the analysis of any dataset (genomic, metagenomic, transcriptomic or proteomic dataset from protein microarrays) which
has several hundred to several thousand biological features through
various normalization methods and multivariate techniques [159]. It
has been applied to differentiate chromophobe renal cell carcinoma
from renal oncocytoma [160-163].
Reproducibility-optimized test statistics (ROTS), the R package, was a new statistical method for differential abundance analysis in proteomics data, which can be used for identifying differential
significant proteins/peptides between two different groups. Specifically, ROTS adjusts a modified t statistics based on the nature of
the data, and ranks the features based on the difference between the
two groups. This method can accurately process different types of
omics data. As reported, the ROTS has been used by a large number of different researches, from transcriptomics to proteomics (including labeling and label-free quantification techniques), performing better than other traditional methods (e.g., SAM, limma, t-test)
[164]. Till now, the method was applied, for example, identifying
biomarkers of premature carotid atherosclerosis [165, 166]. Moreover, a freely available web-based platform called ProteoSign is used
for performing proteomics analysis to find out various protein in a
user-friendly and automatically way [167, 168]. Input proteomics
quantification data most generated by MaxQuant and Proteome
Discoverer is accepted. The software also supports current proteomics data analysis desktop applications. Using the common Linear Models For Microarray Data methodology, ProteoSign statistically assesses the differential abundance proteins between different
proteome states.
The R package LFQbench reports the recognition performance,
specificity and robustness of different software tools by calculating
the accuracy and precision of label-free quantitative MS. Appling
software developer-defined filtering criteria, LFQbench imports
the results of different label-free quantification software tools
which aim at processing SWATH-MS data and calculate protein
level quantitative information. Meanwhile, LFQbench can be applied for evaluating the accuracy and precision performance of
label-free quantitative experiments using mixed proteome samples
[169]. Moreover, an open source modular framework called
msCompare, evaluates the overall performance of the freely available label-free data quantification tools based on the original scoring method [170]. It can help scientists select the most accurate
combination of modules for analyzing their special LC-MS data
sets. This tool has been applied to find prognostic features of proteomics-based breast cancer patients [171].
A web-based software named QPEP can make an all-sided assessment of bias and variance in an accomplished iTRAQ spike-in
experiment. Users have more freedom to employ their own method
to analyze data set and make the results shared through QPEP comparing other new methodologies. QPEP has been used for normalizing data from labeling proteomic experiment (e.g., iTRAQ) and
then evaluate the performance of normalization methods with designed Latin square proteomics data set [172, 173]. Moreover,
SPANS focuses on the assessment of normalization methods, including deriving peptide selection components based on normalized
values [90]. For determining the most applicable normalization
method which can optimize the structure of the data, but not to
introduce error into the files that need to be normalized, it assesses
the normalized results of the inter-group drift structure. SPANS has
been used for statistical analysis of complex omics data [174].
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CONCLUSION
Technological advances (especially the computational strategies) have been achieved in the OMIC-based target discovery [185190], computer-aided drug design [191-196], and so on. In this
study, recent trends of progress and development in the nanomedicine of proteomics were discussed. First, a variety of popular
proteins quantification techniques including labeling and label-free
strategies applied to NPs or NMs studies are overviewed and systematically discussed. Then, numerous protein profiling tools for
data processing and post-biological statistical analysis and publicly
available data repositories for providing enrichment MS raw data
information sources are also discussed.
PROSPECTIVE
Integrating unique nanomaterials with traditional proteomic
analysis established a new analysis platform termed ‘nanoproteomics’. Compared with the traditional proteomic analysis, its
unique advantages of improving the overall sensitivity, proteome
coverage, reproducibility, and robustness make it a potentially
powerful technique in nano biomedicine. In sum, nanoproteomics
has been applied for personalized nanotheranostics for complex
diseases. This review could provide invaluable information for
nanoproteomics studies.
LIST OF ABBREVIATIONS
ANOVA
= Analysis of variance
AUC
= Area under the curve
CPTAC
= Clinical Proteomic Tumor Analysis Consortium
DB
= Database
ESI
= Electrospray ionization
FDR
= False discovery rate
GO
= Gene Ontology
GPMDB
= Global Proteome Machine Database
ICAT
= Isotope-coded Affinity Tag
KEGG
= Kyoto Encyclopedia of Genes and Genomes
LC-FTICR
= Fourier-transform ion cyclotron resonance
LC
= Liquid chromatography
LFQ
= Label-free quantitation
MALDI
= Matrix-assisted laser desorption/ionization
MCAT
= Mass-coded Abundance Tagging
MRM
= Multiple reaction monitoring
MS
= Mass spectrometry
MeCAT
= Metal-coded affinity tag
NCI
= National Cancer Institute
NMs
= Nanomaterials
NPs
= Nanoparticles
PASSEL
= PeptideAtlas SRM Experiment Library
PPD
= Plasma Proteome Database
PRIDE
= PRoteomicsIDEntifications database
PTM
= Post-translational modifications
ROTS
= Reproducibility-optimized test statistic
SILAC
= Stable isotope labeling by amino acids in cell
culture
SRM
= Selected reaction monitoring
SVM
= Support vector machine
SWN
= Sliding window normalization
TAILS
= Terminal amine isotopic labeling of substrates
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TMT
iTRAQ

=
=

Isobaric Labeling Tandem-mass Tag
Isobaric-tag for relative-absolute quantification
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