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INTRODUCTION

ABSTRACT e Scientific discoveries in life sciences rely on organizing biological
knowledge and enabling rapid utilization of it. In fact, in most cases interpretation of
genomics, functional genomics, transcriptomics, metabolomics and proteomics data
is much more important than producing it. In World Wide Web, there are many freely
available databases and relevant bioinformatics software for interpretation of proteom-
ics data. Some of these databases and relevant software focus on analysis of the core
data. However, interpretation of the output files from those databases and relevant
software can sometimes be challenging. In this study, we aimed at using several of-
ten-used freely available databases and relevant software to interpret proteomics data.
Our aim was to show how to reach these databases in order and utilize the provided
information to reduce data complexity. Our experimental setup contained eight proteins
picked from a study performed in our laboratory. Our analysis revealed the presence of
a major and a minor interactomes affected by the changes at the protein levels. We also
described how to easily reach relevant biological information for the effected proteins
and sort out what is needed for data interpretation.

In a simple experimental setting, a researcher
can measure activity of a protein, determine its
concentration in a solution or assess its stability
under various experimental conditions. Such infor-
mation is useful in understanding individual prop-
erties of that protein. However, without knowing
how proteins behave in a living cell, it is highly
difficult to assess their physiological functions be-

cause proteins interact with each other and other
biological molecules to carry out their tasks. The
interactions determine when they ought to be ac-
tive, how long they should stay active, what type of
post translational modifications they are subjected
to and to which molecular pathways they should

involve with.
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To determine the nature of interactions among
proteins, there are several experimental approach-
es developed. Co-immunoprecipitation (Co-IP) is
considered to be the golden standard to determine
protein—protein interactions (1). In Co-IP, the pro-
tein of interest is isolated with a specific antibody
while its interaction partners are in contact with it.
A subsequent mass spectrometry analysis is then
used for identification of the interaction partners.
To assess whether two proteins interact with each
other, the yeast two hybrid system is often used
and offers some advantages over Co-IP, such as
easy scale-up, involvement of no purification steps
or optimizations with regard to binding or washing
conditions and possible automatization using ro-
botic platforms (2). Fluorescence resonance energy
transfer (FRET) is another experimental approach
that detects the proximity of fluorescently labeled
molecules over distances of >100 A (3). FRET can
map protein-protein interactions in vivo and offers
the opportunity to study the complex behavior of
key regulatory proteins in their natural environ-
ment. Tandem affinity purification (TAP) is a less
preferred experimental approach for studying pro-
tein—protein interactions (4). TAP-tag allows de-
termination of protein partners quantitatively in
vivo without prior knowledge of complex composi-
tion. Other methods to investigate protein-protein
interactions include Bimolecular fluorescence com-
plementation (BiFC) (5), Phage display (6), in vivo
crosslinking of protein complexes using photo-re-
active amino acid analogs (7), Chemical cross-link-
ing followed by high mass matrix assisted laser
desorption/ionization (MALDI) mass spectrometry
(8) and Proximity ligation assay (PLA) (9).

Using these or similar experimental approaches,
researchers collected vast amount data regarding
protein-protein interactions. To provide a critical
assessment and integration of protein-protein in-
teractions using these huge data sets, a number of
databases and online resources dedicated to pro-
tein networks were created. In this communica-
tion, we wish to demonstrate how to make sense of
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a protein data set that obtained from a proteomics
study by using several commonly available bioin-
formatics tools.

MATERIALS and METHODS
Selection of the Differentially Regulated Proteins

Preliminary data from two-dimensional gel elec-
trophoresis experiments that was carried out in
our laboratory to study changes in protein expres-
sion levels of breast cancer subtypes were used
and eight differentially regulated proteins out of
32 were selected for analysis. The regulation lev-
els were the highest among all indicating that the
selected proteins might be good candidates for a
functional analysis. To keep the focus on bioinfor-
matics analysis of the selected data, we did not
give any details about experimental procedures re-
garding collection of the proteomics data. They will
be published elsewhere.

PubMed Search

PubMed search (https:/www.ncbi.nlm.nih.gov/
pubmed/) was carried out using appropriate key-
words and the names of the regulated proteins
both in abbreviated and spelled out formats. The
key words were function, sub-cellular localization,
distribution of tissue expression levels, interaction
partners, post translational modification, struc-
ture, disease and pathology. In some cases, to lim-
it, widen or define the searches, Boolean parame-
ters AND, OR, and NOT were used. The retrieved

data were manually analyzed and interpreted.

UniProt Search

Uniprot search (http:/www.uniprot.org/) was car-
ried out using the names of the regulated proteins
in abbreviated or spelled out formats. To limit the
retrieved data, the name of the preferred organism
(Homo sapiens) was printed to the search engine
along with the name of the protein. Un-reviewed
entries were not retrieved and not used for any of
the analysis. Entries with high annotation scores
(4 to 5) were considered.
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The PANTHER Analysis

The PANTHER analysis (Protein Analysis
THrough Evolutionary Relationships, http://PAN-
THERdDb.org/) was carried out using the Uniprot
accession numbers of the regulated proteins. The
organism was specified as Homo sapiens and func-
tional classifications were viewed as pie charts.
Selected ontologies included molecular function,
biological process, cellular function, cellular com-
ponent, protein class and pathway. For each of the
ontology, manual analysis was performed by list-
ing the selected proteins and cross-checking their

given properties with Uniprot entries.

The STRING Analysis

STRING analysis (https:/string-db.org/) was car-
ried out using the Uniprot accession numbers of
the regulated proteins. The search engine option
was set to “multiple proteins by names/identifiers”
and the organism was specified as Homo sapiens.
The retrieved proteins were manually checked to
assure that they are all correctly retrieved from
the database. Whole genome analysis was the pre-
ferred choice. The setting tab was used to change
the stringency of the analysis. The results were
downloaded as bitmap images and were recreated
by Adobe Illustrator Version 6.

The BioGrid Analysis

The BioGrid analysis (https:/thebiogrid.org/) was
carried out using the Uniprot accession numbers of
the regulated proteins. The organism was specified
as Homo sapiens and the protein accession num-
bers were entered to the search engine one at a
time. The retrieved data were copied and pasted
into Microsoft Excel for cross comparative analy-
sis. Minimum evidence level was set using a pull
down menu under network tab. The networks were
downloaded as bitmap images and were recreated
by Adobe Illustrator Version 6.

Kasap et al.

RESULTS
Experimental Scheme and Collection of the Data

A researcher using two-dimensional gel electro-
phoresis determined changes in expression profiles
of eight proteins in human breast tumor tissues
in comparison to the control tissues. During the
follow up experiments, mass spectrometry anal-
ysis was performed and differentially regulated
proteins were identified. The identified proteins
were, namely, Hsp90, endoplasmin, adenosine tri-
phosphate (ATP) synthase subunit alpha, malate
dehydrogenase, serotransferrin, vimentin, 14-3-3
protein theta and glial fibrillary acidic protein. To
evaluate the data, the researcher is needed to gath-
er information about each differentially regulated
protein to determine its function, sub-cellular local-
ization, distribution of tissue expression levels, its
interaction partners, the presence of post transla-
tional modifications, its structure and any associa-

tion with a known pathology.

PubMed Search

The first database the researcher searched was
PubMed. PubMed is a server established by The
National Center for Biotechnology Information
(NCBI) to help advances in science and health by
providing access to biomedical and genomic infor-
mation. PubMed comprises more than 28 million
citations for biomedical literature from MED-
LINE, life science journals, and online books. The
researcher performed a PubMed search using
the protein name and several keywords for each
protein. For example, for endoplasmin alone, 585
publications were retrieved using the key words
function, subcellular localization, expression, in-
teraction, PTM, structure and pathology. For all
the identified proteins, there were more than 2000
publications to sort out for the information the re-
searcher needed. Therefore, a more practical ap-
proach was used to gather information about all
the identified proteins.
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UniProt Database Search

The second database the researcher searched was
Uniprot. Uniprot is a comprehensive resource for
protein sequence and data annotation and formed
by collaboration among the European Bioinformat-
ics Institute (EMBL-EBI), the Swiss Institute of
Bioinformatics (SIB) and the Protein Information
Resource (PIR) (10). To create the Uniprot data-
base, non-curated data retrieved from selected da-

tabases e.g., Gene Ontology (for functional infor-
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mation), Pride (for protein identification), InterPro
(to determine protein families and domains), IntAct
(to determine protein-protein interactions) and In-
tEnz (for enzyme information) are curated and an-
notated. In addition, signal sequences, transmem-
brane domains and if not available, domains and
motifs are predicted by UniProt to provide detailed
information. Rather than sorting through all the
publications retrieved from the PubMed, the re-
searcher used UniProt as the source to collect the
information summarized in Table 1. Analysis of

Table 1 Summary of the information retrieved from Uniprot database for each of the regulated proteins.

Swiss-Prot Name Function Sub-cellular
Accession of the Localization
Number Protein
Q16543 Hsp90 Co-chaperone Cytoplasmic
that binds to
numerous kinases
P14625 Endoplasmin Molecular chaperone  Endoplasmic
that functions in the reticulum
processing and lumen
transport of secreted
proteins.
P25705 ATP synthase Participates in Mitochondrion
subunit alpha  production of inner
ATP from ADP in the membrane and
presence of a proton Cell surface
gradient across the membrane
membrane
P40926 Malate Catalyzes malate Mitochondrial
dehydrogenase to oxolasetate matrix
conversion
P02787 Serotransferrin  Iron binding transport  Secreted
protein. Binds two
Fe3* ions in association
with the binding of
an anion, usually
bicarbonate
P08670 Vimentin Class-lll intermediate Cytoplasmic
filaments found in
various non-epithelial
cells
P27348 14-3-3 protein  Adapter protein Cytoplasmic
theta implicated in the
regulation of a large
spectrum of both
general and specialized
signaling pathways
P14136 Glial fibrillary A class-lll intermediate ~ Cytoplasmic

acidic protein

filament

Interaction Post- Structure Pathology
Translational
Modification
Binary Acetlyation and Both NMR and  No listing of
interactions  phosphorylation X-ray structures any linked
with 44 are available mutation
proteins
Binary Glycosylation X-ray structure  No listing of
interactions  and is available any linked
with phosphorylation mutation
2 proteins
Binary Acetylation and not available Mutations linked
interaction phosphorylation to fatal neonatal
with mitochondrial
3 proteins encephalopathy
75 possible Acetlyation and X-ray structures Mutations
interactions phosphorylation are available associated with
epilepsy
Binary Glycosylation and ~ X-ray structures  Iron deficiency
interactions  disuldife bond are available and anemia
with formation
5 proteins
Binary Glycosylation, X-ray structures  Cataract

interactions
with

phosphorylation
and acetylation

are available

26 proteins

Binary Phosphorylation X-ray structures  No designated
interactions and are available disease

with acetylation

18 proteins

Binary Phosphorylation No structureis ~ Alexander
interactions available Disease

with
29 proteins

NMR: Nuclear magnetic resonance. ATP: Adenosine triphosphate. ADP: Adenosine diphosphate.
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the information retrieved from Uniprot database
showed that four of the proteins were cytoplasmic,
two were mitochondrial, one was Endoplasmic Re-
ticulum (ER)-associated and one was a secreted
protein. Two of the cytoplasmic proteins, vimen-
tin and glial fibrillary acidic protein, were struc-
tural proteins belonging to class-III intermediate
filaments. The researcher knew that intermedi-
ate filaments provide mechanical strength to the
cells and tissues. However, recent studies demon-
strated that intermediate filaments can also act as
powerful modulators of cell motility and migration
and may play crucial roles in wound healing and
tissue regeneration, as well as inflammatory and
immune responses (11). It was demonstrated that
mal-functioning of intermediate filaments contrib-
utes to a diverse range of pathologies placing them
at the interface between health and disease.

One of the differentially regulated proteins, ATP
synthase alpha, was a mitochondrial protein and
directly participates in production of ATP synthe-
sis via electron transport chain. Another mitochon-
drial protein that was subjected to regulation was
malate dehydrogenase, which helps production of
nicotinamide adenine dinucleotide (NADH) via
citric acid cycle. Malate dehydrogenase also helps
transport of cytoplasmic NADH to mitochondria
via malate-aspartate shuttle and increase the
yield of cellular energy production. The researcher
observed an increase in ATP synthase levels while
a dramatic decrease was observed in malate de-
hydrogenase levels. Based on his prior knowledge
about tumor cells and their high energy require-
ment for fast growth, the researcher was expecting
to observe an increase in the levels of both proteins.
However, mitochondria in cancer cells show active
function of oxidative phosphorylation although cit-
ric acid cycle is stalled (12). This may explain the
reason for observing an increase in the levels of
ATPase alpha subunit contrary to the decrease in

the levels of malate dehydrogenase.

Kasap et al.

Further examination of Table 1 by the researcher
revealed that the levels of two cytoplasmic proteins
have changed. One of those proteins was Hsp 90,
a co-chaperone that binds numerous kinases and
helps their proper folding. Hsp90 involves in many
cellular processes by facilitating protein folding,
the binding of ligands to their receptors and the
assembly of multi-protein complexes (13) .

The other cytoplasmic protein the researcher iden-
tified was 14-3-3. 14-3-3 proteins have the ability
to bind a multitude of functionally diverse signal-
ing proteins, including kinases, phosphatases, and
transmembrane receptors. This plethora of inter-
acting proteins allows 14-3-3 to play important
roles in a wide range of vital regulatory processes
(14). The researcher was also surprised to see that
an ER associated protein, endoplasmin, was sub-
jected to regulation in tumor cells. Endoplasmin
is also a molecular chaperone and functions in the
processing and transport of secreted proteins. It is
especially associated with ER-associated degrada-
tion pathway (ERAD) and its levels were found to
be higher in breast cancer patients with decreased
survival (15). Along the same line, the researcher
realized a change in the level of a secreted protein,
serotransferrin. Serotransferrin is an iron trans-
ferring protein and is highly present in the serum
(16). Yet, it is also found in other tissues. The ques-
tion arose in the mind of the researcher regarding
if there is any association between the changes ob-
served in endoplasmin levels and serotransferrin
levels.

The PANTHER analysis

To associate protein functions with metabolic
pathways, the researcher analyzed the data us-
ing PANTHER server (http://pantherdb.org/). The
PANTHER classification system combines protein
function, ontology, pathways and statistical anal-
ysis tools to enable researchers to analyze large
scale proteome wide data. PANTHER allows im-
mediate classification of the proteome data based

wwuw.tjmbb.org
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on molecular function, biological process, cellular
component, protein class and pathway. When the
researcher performed the PANTHER analysis,
the following implications were withdrawn from
the data; 1-Changes in protein levels have mainly
affected metabolic processes. 2-The differentially
regulated proteins mostly displayed binding activ-
ity. 3-There was no consensus on a single affected
pathway (Figure 1). Unfortunately, the informa-
tion gathered was not supportive enough to create
a link among the regulated proteins, which might
have been caused by the small number of entries
the researcher used. The researcher might have
needed a large set of proteomics data to create a

link among the differentially regulated proteins.

Cellular Component

The BioGrid Analysis

BioGrid is an interaction repository database that
searches 64.583 publications for 1.546.181 proteins
and genetic interactions from 66 model organisms.
The researcher used BioGrid database to elucidate
the interaction partners of the identified proteins.
The results generated by the researcher were sum-
marized in Table 2. When a minimum evidence
level of 2 was used, there were vast numbers of in-
teractions detected for each protein indicating that
the proteins were behaving as hubs for balancing
any change in the metabolic activities. The highest
number of interactions belonged to Hsp90 (429 in-
teractions) while the lowest number of interactions
belonged to serotransferrin. BioGrid, as a database,
can provide interaction networks for each protein.

Molecular Function

m Cellpart
m Macromolecular Complex
m Membrane

Organelle

® Binding
m Catalytic Activity
m Receptor Activity

w Transporter Activity

Biological Process

m Biological Regulation
m Cellular Process
m Metabolik Process

= Response to Stimulus

Pathway

m ATP Synthesis
W EGF Receptor Signalling

B FGF Signalling Pathway

= Parkinson'’s Disease

B Pyruvate Metabolism

Figure 1 The PANTHER analysis of the differentially regulated proteins to achieve classification based on their localization,
molecular function, biological processes and pathways the proteins involved.
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The stringency of a network can be determined by
restricting the level of evidence. For example, for
Hsp 90 (Q16543), if a minimum evidence level of
2 is set, then a highly sophisticated network with
many interaction partners can be created (Figure

Kasap et al.

2). On the other hand, if a network was created
with a more stringent criteria, such as a minimum
evidence level of 5 with sole consideration of phys-
ical interactions, then only interactions supported
by a strong evidence are displayed (Figure 3).
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Figure 2 Interactome analysis of Hsp90 created by using the BioGrid analysis. A minimum evidence level of 1 was set as the
stringency level. A highly sophisticated network with many interaction partners were displayed.
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Table 2 Summary of the information retrieved from BioGrid database for each of the regulated proteins.

Swiss-Prot Accession Number Name of the Protein

Q16543 Hsp90

P14625 Endoplasmin

P25705 ATP synthase subunit alpha
P40926 Malate dehydrogenase
P02787 Serotransferrin

P08670 Vimentin

P27348 14-3-3 protein theta
P14136 Glial fibrillary acidic protein

Predicted Interactors Predicted Interactions

246 429
173 220
185 213
62 64
43 57
268 328
462 652
88 96

HSP90B1
s

ovcy
=

Figure 3 Interactome analysis of Hsp90 created by using
the BioGrid analysis. A minimum evidence level of 5 with
physical interactions were considered. Only interactions
supported by strong evidence were displayed.

BioGrid also provides information about the in-
teraction partners for each protein but fails to de-
termine whether a group of proteins interact with
each other or share a common pathway. To deter-
mine the common interaction partners, the inter-
action partners for each protein were downloaded
into an Excel file and cross comparisons were made
(Supplementary Material 1, Table 3).

Three of the identified proteins, endoplasmin, ATP
synthase subunit alpha and 14-3-3, shared many
of the common interaction partners, while two of
the identified proteins, serotransferrin and glial
fibrillary acidic protein, failed to share many of
the interaction partners implying that these two
proteins may not be helpful in understanding the
observed changes occurring at the proteome lev-
el. Malate dehydrogenase and vimentin are the
two proteins which moderately shared the inter-
action partners indicating that they are valuable
in providing clues about the changes occurring in
cell metabolism. However, further bioinformatics
analysis is still required to draw more conclusive
interpretations.

The STRING analysis

The STRING database integrates protein-protein
interactions using direct (physical) and indirect
(functional) associations. The database collects
and reassesses available experimental data on
protein—protein interactions, and imports known
pathways and protein complexes from curated da-
tabases. What is the advantage of the STRING is
that the database is flexible allowing researchers
to determine their own stringency conditions.

The initial STRING analysis with high confidence
and no consideration of maximum number of inter-
actions in the first and second shells and using text

December, 2018 | Volume 3 | Number 2
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Table 3 Cross-check analysis of BioGrid interactome data to determine common interacting proteins for the differenti-

ally regulated proteins.

Q16543, P14625, P25705, P40926,
Hsp90 Endoplasmin ATP Malatedehydrogenase
synthase
subunit
alpha
NTRK 1 + + + +
CDK2 + + +
CYLD + + +
DNM1L + + +
FBXO6 + + +
FN1 + +
HSPAS + + +
APP + +
BRCA1 + + +
CCDC8 + + +
CDC73 + +
cuLt + +
CUL3 + +
CUL7 + + +
EGFR + + +
ESRRB + +
FUS + + +
GRB2
HDACS + + +
MCM2 + +
OBSL1 + + +
PARK2 + + +
PSMA3 + +
SOAT1 + +
VCP + +

P02787, P08670, P27348, P14136,  Number
Serotransferrin  Vimentin 14-3-3 Glial of
protein  fibrillary  founds
theta acidic
protein
+ + 6
+ + 5
+ + 5
+ + 5
+ + 5
+ + + 5
+ + 5
+ + 4
+ 4
+ 4
+ + 4
+ + 4
+ + 4
+ 4
+ 4
+ + 4
+ 4
+ + + + 4
+ 4
+ + 4
+ 4
+ 4
+ + 4
+ + 4
+ + 4

mining, experiments and co-expression data as the
active interaction sources indicated that three dif-
ferent interactomes could be detected (Figure 4).

The first interactome contains glial fibrillary
protein, transferrin and vimentin, the second in-
teractome contains malate dehydrogenase and
ATP-synthase subunit alpha and the last interac-

tome contains Hsp90 and CDC37. However, it was
not possible to produce statistically reliable anal-
ysis that would point to a biological process or a
cellular event using the preferred settings. When
the researcher gradually decreased the stringency
of the settings by increasing the maximum num-

ber of interactions of 5 in the first and the second
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Figure 4 The STRING analysis with high confidence and
no consideration of maximum number of interactions in the
first and second shells and using text mining, experiments
and co-expression data as the active interaction sources.

shells and considering all the possible interaction
sources provided by the database, two disconnect-
ed interactomes were generated (Figure 5). The
analysis of the results revealed the presence of
several statistically significant biological process-
es. The highest-scoring relevant biological process
was determined to be the mitochondrial ATP syn-
thesis coupled proton transport with a false discov-
ery rate of 9.4e-21. If no stringency is applied to
the STRING analysis for the data produced by the
researcher, such as medium confidence level with
maximum number of interactions of 50 for the first
and the second shells, and the use of all the ac-
tive interaction sources, then a huge interactome

covering all the detected proteins were generated

VIM

Figure 5 The STRING analysis with decreased stringency using the settings of maximum number of interactions 5 in the first
and the second shells and considering all the possible interaction sources provided by the database.
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(Figure 6). However, the complexity of the inter-
actome prevented the researcher to elucidate the
significance of any of the interactions displayed

on the interactome map. Therefore, the research-
er prefers to use high confidence with all active
interaction sources and 5 maximum number of

ATP5J2~, ATPSI

ENSG00000249209

“cpczss
ICTOR

</

Figure 6 The STRING analysis with medium confidence level with maximum number of interactions of 50 for the first and

the second shells, and the use of all the active interaction sources.
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PIK3CB
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Figure 7 The STRING analysis with high confidence and with all the active interaction sources considered. Five was set as the

maximum number of interactions on the first and second shells.

interactions on the first and the second shells (Fig-
ure 7). The researcher finds out that the detected
proteins are part of an interactome associated with
cellular respiration. The researcher also detects a
minor interactome formed by three proteins in-
cluding Glial fibrillary proteins and vimentin. The
researcher decides to analyze these three proteins
separately to elucidate the biological processes as-
sociated with high confidence and no more than
10 interactions on the first and the second shells.
The separate analysis was able to detect an inter-
actome associated with phosphatidyl inositol-me-

diated signaling pathway.

DISCUSSION

Gaining perspectives about protein functions and
their interaction partners has paramount impor-
tance for unlocking mysteries of the cells. New
insights into the mechanics of large protein as-
semblies have been helping us to understand how
proteins talk with each other and work in harmo-
ny. One of the ways to deepen our understanding
of protein world is to use the tools of bioinformat-
ics. For inexperienced researchers, however, it
is rather difficult to assess where to start in in-
terpretation of their experimental data. In this
communication, we described how to easily reach

December, 2018 | Volume 3 | Number 2
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relevant biological information for analysis of the
proteome data and restructure the necessary infor-
mation that is needed for interpretation. The order
of the use of databases and the relevant software
can be extrapolated for analysis of more compli-
cated experimental data sets. Other software such
as GeneMANIA (https:/genemania.org/), integra-
tive multispecies prediction (http:/imp.princeton.
edu/), Human net (http://www.functionalnet.org),
FunCoup (http:/funcoup.sbec.su.se), HINT (http://

hint.yulab.org/), iRefweb (http:/wodaklab.org/
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