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Abstract
Human cells contain many thousands of protein components,
protein species/proteoforms, whose cooperation provides the complicated functional mechanisms of the cellular proteome. Though recent
methods still do not allow us to obtain the whole picture of this cooperation, they at least provide an opportunity to develop a representation of the proteome size and quantitative distribution of protein species inside the proteome. Using 2DE analysis followed by both protein
staining and ESI LC-MS/MS analysis, we performed an analysis of the
quantitative distribution of different protein species in human cells.
We have analyzed several human cancer cell lines (HepG2, glioblastoma, MCF7) along with the primary liver cells from tissue samples
and found that the dependence of the number of protein species on
their abundance is described by Zipf ’s law:
y = ax-1 (1),
where y stands for the number of protein species (N), x stands
for the abundance. In the case where the abundance is expressed as
%V, and a = 14, the final equation is:
N=14/%V (2).
It is very likely that this type of distribution reflects the fundamental functional organization of the human cellular proteome since
it is the same in all types of cells analyzed.
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cation; emPAI- Exponential Modified Form of Protein Abundance
Index; C-HPP-Chromosome-Centric Human Proteome Project;
FASP-Filter-Aided Sample Preparation; CBB-Coomassie Brilliant
Blue

Introduction
After completion of the human genome sequencing and determination of its size, there is a great demand for similar information
about the human proteome as proteins mediate almost all processes
in a cell. To better understand the functionality of proteins, we need
the information about their activity that is directly linked to their
abundance. However, the situation is not simple here because of the
complexity of proteins themselves. This complexity may arise from
allelic variations, alternative splicing of RNA transcripts, and posttranslational modifications. All these cellular events create distinct
protein molecules, proteoforms/protein species, that modulate a wide
variety of biological processes [1,2]. Apparently, by using standard
technologies, it has been impossible so far to identify and calculate
all protein species/proteoforms present in a single human cell or in
human plasma [1,3]. The main problem is a huge dynamic range of
concentrations, where the number of copies of different protein species in an object lies in the range from one to a billion molecules. One
of quantitative proteomic approaches, a proteomic technique that
is mainly performed using 2DE or liquid chromatography-tandem
mass spectrometry (LC-MS/MS) is expected to offer an alternative
solution this problem [4–6]. Recently, using a shotgun approach, a
large amount of information about protein abundance was produced
[7–9]. This information is still not enough as we still need to know
how many specific molecules (protein species/proteoforms) are present in a cell. In earlier time, to estimate the number of protein species
in the human proteome, we have developed and applied a method
of extrapolation using 2DE gel-staining method with protein dyes of
different sensitivities [10,11]. As we have discussed in these papers,
this extrapolation was possible because the abundance distribution of
proteoforms inside the cell follows a special formula [10,11]. At pre-
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sent, we have progressed further and performed multiple calculations
of the data produced from several types of human cells using protein
staining and mass spectrometry analysis, which allowed us to develop
a formula. According to these data, the dependency of the number
of protein species/proteoforms on their abundances in a cell is not
normal but follows Zipf ’s law (1). This law is a popular member of a
family of related discrete power law probability distributions, which
approximates many types of data collected from very different areas of
study on scaling behavior. In the present paper, we once more confirm
the universality of Zipf ’s law in human proteome.

Experimental Section
Chemicals and Materials
All reagents used were sourced from Sigma-Aldrich Corp. (St.
Louis, MO, USA), unless another manufacturer is specified. The
remaining reagents were obtained from the following companies:
Thermo Scientific Pierce Protein Research Products, (Rockford, IL,
USA): dithiothreitol (DTT), protease inhibitor cocktail; GE Healthcare (Pittsburgh, PA, USA): IPG DryStrip (gel strips), IPG-buffers,
DryStrip-coating liquid, Coomassie Brilliant Blue (CBB) R350; Promega Corp., (Madison, WI, USA): Trypsin Gold; Bio-Rad Laboratories, Inc. (Hercules, CA, USA): Precision Plus Protein Dual Color
Standards, molecular weight markers for protein electrophoresis; Biolot (St. Petersburg, Russia): RPMI-1640 medium and DMEM for cell
growth, fetal calf serum; Orange Scientific (Braine-l’Alleud, Belgium):
Carrel culture flasks.

Cell Culture and Culture Conditions
Human cells (hepatocellular carcinoma, HepG2) were cultured
in medium (DMEM/F12 or RPMI-1640 supplemented with 10% fetal
bovine serum (FBS) and 100 U/ml penicillin) under standard conditions (5% CO2, 37oC) [10,12]. To prepare cell samples for protein extraction, the cells were detached using 0.25% Trypsin-EDTA solution,
washed 3 times with PBS, and treated with lysis buffer [10,13]. Liver
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tissue samples were provided within the framework of collaboration
on the C-HPP. Extraction was performed according to 2DE protocol
described in [14].

Sample Preparation and Two-Dimensional Electrophoresis (2DE)
Samples were prepared as described previously [15,16]. Cells
(~107) containing ~2 mg of protein, were treated with 100 µl of lysis
buffer (7 M urea, 2 M thiourea, 4% CHAPS, 1% DTT, 2% ampholytes, pH 3-10, protease inhibitor mixture). Proteins were separated by
isoelectric focusing (IEF) using DryStrips pH 3-11, 7 cm and 18 cm
(“GE Healthcare”) following the manufacturer’s protocol. Samples in
lysis buffer were mixed with rehydrating buffer (7 M urea, 2 M thiourea, 2 % CHAPS, 0.3% DTT, 0.5% IPG buffer, pH 3-11 NL, 0.001%
bromophenol blue) in a final volume of 130 µl (150 µg of protein)
for 7-cm strip or 300 µl (800 µg of protein) for 18-cm strips. Strips
were passively rehydrated for 6 h at 4°C. IEF was performed on an
IPGphor (GE Healthcare,) that was programmed as follows: the first
step—500 V 7 h, the second step — gradient to 1000 V, 1 h, the third
step — gradient to 10 000 V, 3 h, the fourth step — 10 000 V 4 h,
temperature 20°C, and maintained at a voltage 500 V. After IEF, strips
were soaked 10 min in the equilibration solution (50 mM Tris, pH
6.8, 6 M urea, 2% SDS and 30 % glycerol) with 1% DTT. This process
was followed by 10-min incubation in the equilibration solution containing 5% (w/v) iodoacetamide. The strips were placed on top of the
12 % polyacrylamide gel of the second direction, sealed with a hot
solution of 0.5 % agarose prepared in electrode buffer (25mM Tris,
pH 8.3, 200 mM glycine, 0.1% SDS), and electrophoresed in the second direction under denaturing conditions using the Hoefer miniVE
system (gel size 80 x90x1mm, “GE Healthcare”) or Ettan™ DALT six
(180x200x1mm, “GE Healthcare”). Electrophoresis was carried out at
room temperature at a constant power of 3 W/gel [16,17].

Mass Spectrometry
All procedures with gel plugs were performed according to the
protocol described previously [12,18,19]. Gel-free sample treatment
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was performed according to FASP assay [20]. Proteolysis was performed by incubation with trypsin (“Trypsin Gold”, 10 µg/ml) at least
4 h at 37°C. Tryptic peptides were dissolved in 5% (v/v) formic acid.
Using an Agilent HPLC system 1100 Series (Agilent Technologies),
4 µg of peptides were injected onto a trap column Zorbax 300SB–
C18, 5 ×0.3 mm (Agilent Technologies). After washing with 5% ACN
containing 0.1% formic acid, peptides were resolved on a 150 mm x
75 µm Zorbax 300SB-C18 reverse phase analytical column (Agilent
Technologies) using a 30-min organic gradient of 5-60% ACN, 0.1%
formic acid with a flow rate of 300 nL/min. Peptides were then ionized by nano-electrospray at 2.0 kV using a fused silica emitter with
an internal diameter of 8 µm (New Objective). MS/MS analysis was
carried out in duplicate on an Orbitrap Q-Exactive Plus (Thermo Scientific). Mass spectra were acquired in the positive ion mode. High
resolution data was acquired with a resolution of 30 000 (m/z 400)
for MS and 7500 (m/z 400) for MS/MS scans. Survey MS scan was
followed by MS/MS spectra of five the most abundant precursors. For
peptide fragmentation, higher energy collisional dissociation (HCD)
was set to 35 eV, the signal threshold was set to 5000 for an isolation
window of 2 m/z, and the first mass of HCD spectra was set to 100
m/z. Fragmented precursors were dynamically excluded from targeting for 90 s. Singly charged ions and ions with unassigned charge state
were excluded from triggering MS/MS scans. The automatic gain control target value was regulated at 1×106 with a maximum injection
time of 100 ms and at 1 × 107 with a maximum injection time of 250
ms for MS and MS/MS scans, respectively. The data were searched
by Mascot “2.4.1” search engine (www.matrixscience.com) using the
following parameters: enzyme = trypsin (allowing for cleavage before
proline); maximum missed cleavages = 2; fixed modifications = carbamidomethylation of cysteine; variable modifications = oxidation of
methionine; phosphorylation of serine and threonine, acetylation of
lysine; precursor mass tolerance = 20 ppm; product mass tolerance =
0.01 Da. NeXtProt database (October 2014) was used as a protein sequence database. For FDR assessment, a separate decoy database was
generated from the protein sequence database. False-positive rate of
1% was allowed for protein identification. These parameters have pre-
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viously been shown to be adequate to identify true positive matches
[21]. Exponentially modified PAI (emPAI) defined as the number of
identified peptides divided by the number of theoretically observable
tryptic peptides for each protein was used to estimate protein abundance [22,23].

Results and Discussion
Analysis was performed on protein extracts from HepG2 cells,
glioblastoma cells, and the primary hepatocytes (liver). After separation of protein on 2DE, these gels were stained with CBB R350,
and each 2DE picture produced was analyzed using ImageMaster 2D
Platinum 7.0 (GE Healthcare). All protein spots were quantified and
counted. The relative protein abundance (%V) of each spot was calculated according to the staining intensity of the spot. Protein spots were
grouped thereafter according to their %V. The first group included
those spots with relative abundance of 1% or greater, the second — ≥
0.5%, the third — ≥ 0.3%, the fourth —- ≥ 0.2%, the fifth — ≥ 0.1%,
the sixth — ≥ 0.05%, the seventh — ≥ 0.02%, the eighth — ≥ 0.01%.
Using Excel, the numbers of spots in each group (N) were plotted
against relative abundance (%V), dot graphs were created, and the
line of best fit was chosen. In all cases, among available trends, the
power function was the most appropriate one with a very high reliability (coefficient of determination R2 was from 0.92 to 0.98) (Figure
1). It is of interest that the situation was quite similar not only for all
types of cells analyzed by our group, but also for the different types of
cells (MCF7) studied by another group (24). We have taken the data
from this publication [24] and established a curve in the same way.
From Figure 1, it is evident that the line of best fit follows the power
function or the Zipf ’s law in particular
y = ax-1 (1), where y denotes N (the number of protein spots),
x – %V (protein spot abundance), and a = 14. The final equation is
N=14/%V (2).
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Figure 1: Dependency of the number of 2DE protein spots on their abundances (normalization in %V). After 2DE separation, the gels were stained with CBB R350 and
analyzed by ImageMaster 2D Platinum software (GE Healthcare). Spots were counted
and quantitated. A – liver cells (see Figure 1 in Ref [34]), B – HepG2 (the data adopted
from [19]), C – glioblastoma cells (the data adopted from [12]), D – MCF7 breast cancer cells (the data adopted from [24].
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It needs to be mentioned that according to 2DE protein separation principles, each protein spot should represent a specific protein
species/proteoform ideally. In practice, the situation is more complicated because a single spot may accommodate numerous different
proteins and proteoforms [18,25]. To circumvent this problem in our
curve fitting, we assumed a single spot to contain a single protein species, especially if one protein species is dominant and represents the
major volume of the spot (at least 70%). Actually, a case like this is frequently observed in our study [18,25]. An alternative and reliable way
to evaluate proteoforms is to combine 2DE with ESI LC-MS/MS which
makes precise evaluation of proteoforms possible. Thus, we have applied this technique in our current curve fitting analysis [18,25,26], in
which we first performed a typical shotgun proteomics experiment,
where the cellular extract was trypsinized, the peptides obtained were
analyzed by ESI LC-MS/MS (Figure 2A,B), and proteins instead of
proteoforms were quantitated using emPAI [18]. Having performed
these experiments, this parameter is not necessarily very precise for
measuring the abundance of individual proteins in our opinion, it
should be quite reliable in estimations among large scale proteomics
projects instead [23]. Since the quantitation was done using emPAI,
we normalized emPAI to %V units. To accomplish that, the sum of
all emPAIs was divided by 100%. We estimated that 5 emPAI corresponds here to 1%V. We established another curve and found that
the line of the best fit again follows the Zipfian distribution (2) (Figure
2A, B). A possible weakness of the spot analysis might be the number of detected proteins used in the calculations and curve building.
Thus far, this number has been slightly higher than 1000 (Figure 1,
Figure 2A, B). Bearing in mind that the cellular proteome may possibly contain at least 70 000 protein species/proteoforms [11,18], it
would be more accurate to have quantitative proteomic data for a
larger number of proteoforms using label-free and isotope labelingbased approaches. To achieve this objective, we separated proteins by
2DE again and then performed the mass spectrometry analysis of the
whole gel by cutting it into small sections as described in [12,19]. In
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this case, if the same protein was identified in different sections, it
was considered to be different protein species/proteoforms. As a result of 2DE separation, we identified nearly 20 000 proteoforms. Once
again, we normalized emPAI to %V units. Interestingly enough, the
estimated emPAI/%V ratio was much bigger in this case. For instance,
400 emPAI corresponds to 1%V in the HepG2 or glioblastoma analysis, and 100 emPAI — in the analysis of liver proteins. Following the
same way as we did with the spots, the protein species were grouped
step by step according to their normalized %V, and the curves were
established using Excel (Figure 2C-E). Amazingly, the line of the best
fit in all cases follows the Zipfian distribution closely (2). Accordingly,
the equation (2) is named “the first equation of the human proteome”,
as it appears to give us a shared and common overview of the human proteome across several cell types that we have analyzed. Given
that, we still need more data about protein species/proteoforms of low
abundance that escaped detection and analysis. Complete information about all protein species/proteoforms in a cell would allow us to
build the final “first equation”.
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Figure 2: Dependency of the number of proteins (A, B) or protein species/proteoforms
(C-E) on their abundances (normalization in %V). After 2DE separation (C-E), the
gels were stained with CBB R 350 and cut into 96 sections. Each section was treated
and analyzed by ESI LC-MS/MS. All proteoforms were counted and quantitated. A –
liver cells (the analysis of the whole extract by ESI LC-MS/MS without 2DE, protein
normalization 5 emPAI = 1%V) (See Table 1 in Ref [35]). B – HepG2 cells (the analysis
of the whole extract by ESI LC-MS/MS without 2DE, protein normalization 5 emPAI
= 1%V) (see Table 1 in Ref [35]). C – liver cells (normalization 100 emPAI = 1%V)
(see Table 2 in Ref [34]), D – HepG2 cells (normalization 400 emPAI = 1%V), the data
adopted from [19], E – glioblastoma cells (normalization 400 emPAI =1%V), the data
adopted from [12].
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Concluding Remarks
The power-law distributions have been identified in physics, biology, and the social sciences [27]. One of a family of related discrete
power law probability distributions is a Zipfian distribution or Zipf ’s
law. This law states, in particular, that the frequency of any word in a
language is inversely proportional to its rank in the frequency table.
For example, in the Brown Corpus of American English texts, consisting of over one million words, only 135 words represent half of
the word volume [28,29]. The most frequent word “the” occurs here
approximately twice as often as the second most frequent word “and”,
three times as often as the third most frequent word “to”, etc. The same
relationship occurs in many other rankings unrelated to language,
such as the size of cities in various countries, corporation sizes, income rankings [30,31]. The formula (1) may be shown as:
SR = S1/R (3),
where S – size of an organization (city, corporation, income,
etc.), R – rank of organization. As we have already shown, when we
are talking about the distribution of protein species, we practically
deal with the same formula:
N=14/%V (2). Only instead of size (SR) we have here a number
(N), R is not a rank but protein species abundance (%V), S1 is equal to
14 (14 is the number of most abundant protein species with %V ≥ 1).
As Zipf ’s law is so popular, it is reasonable to think that there is a universal origin for such a distribution in nature. Importantly, gene expression data was previously found to also obey Zipf ’s law [32,33]. So
far, people can only hypothesize about the general ubiquity of Zipfian
distribution [34], but in the case of the human proteome, we can say
that this kind of distribution is a reflection or a result of functionality
of different protein species and their abundance inside the proteome.
On the one hand, a human cell needs a high copy number (millions)
of only a few protein species (like actin or tubulin) for its structural
organization, e.g. in the cytoskeleton. But on the other hand, only a
few copies each of many thousands of protein species are involved
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in such processes as signaling or protein turnover. In summary, our
analysis provides the ﬁrst quantitative overview of protein species/
proteoforms in the human cellular proteome. Therefore, we think that
the equation of the Zipfian distribution that we identified reflects a
fundamental functional organization of the human cell proteome.
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