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ABSTRACT

The in-depth study of protein–protein interactions
(PPIs) is of key importance for understanding how
cells operate. Therefore, in the past few years,
many experimental as well as computational ap-
proaches have been developed for the identifica-
tion and discovery of such interactions. Here, we
present UniReD, a user-friendly, computational pre-
diction tool which analyses biomedical literature in
order to extract known protein associations and sug-
gest undocumented ones. As a proof of concept, we
demonstrate its usefulness by experimentally vali-
dating six predicted interactions and by benchmark-
ing it against public databases of experimentally val-
idated PPIs succeeding a high coverage. We be-
lieve that UniReD can become an important and in-
tuitive resource for experimental biologists in their
quest for finding novel associations within a pro-
tein network and a useful tool to complement ex-
perimental approaches (e.g. mass spectrometry) by
producing sorted lists of candidate proteins for fur-
ther experimental validation. UniReD is available at
http://bioinformatics.med.uoc.gr/unired/

INTRODUCTION

Protein–protein interactions (PPIs) play an essential role in
most complex biological processes and are often classified
as direct (when proteins interact physically) or indirect (e.g.
when proteins are involved in the same pathway or biologi-
cal process). Due to their important role in biochemical and
cellular processes, PPIs have been for many years subjected
to intensive study in order to understand how complex bi-
ological networks function and how a complex biological
system can work as a unit.

For a large-scale experimental identification of PPIs, sev-
eral high-throughput techniques have been used. Widely
used methods are the yeast-two-hybrid system (1,2), protein
arrays (3,4), co-immunoprecipitation and mass spectrome-
try (5). However, these techniques have certain drawbacks
including high cost, low accuracy, high false positive rate
and they are often time-consuming (6). In addition, it has
been reported that there is a significant discrepancy when
comparing data produced by different high-throughput ex-
periments (7). Therefore, the need for computational tools
capable of identification, prediction and validation of pro-
tein associations as a complement to existing experimen-
tal approaches (8) emerges. The latter provides the option
for prediction of not only direct/physical PPIs, but also
for indirect interactions like for example possible involve-
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ment in a pathway (8,9). In silico approaches for the pre-
diction of PPIs can be roughly summarized in two cate-
gories based on the source of the employed data: (i) those
exploiting molecular/genomic data (e.g. protein structures
(10), phylogenetic profiling (11), gene fusion detection (12)
and genomic neighborhood (13), and (ii) biomedical litera-
ture mining methods, taking advantage, for example, of the
huge amount of information hidden in today’s >30 million
abstracts hosted in PubMed (version 10/2019).

The concept that text mining techniques can be used for
knowledge extraction and new knowledge discovery came
after Swanson’s studies, where he directly linked the treat-
ment of Raynaud’s disease with fish oil (14,15). During the
last thirty years, an increasing amount of publications re-
porting text mining techniques for exploiting biomedical
literature has become evident (16). Among them, many ef-
forts trying to extract PPIs from PubMed abstracts or cre-
ate a network of genes/proteins/biological terms have ap-
peared (17). For example, PubGene can detect associations
between genes using terms from the medical subject head-
ing (MeSH) index and terms from the gene ontology (GO)
database (18), CoPub Mapper provides online access to co-
occurrence associations between genes and biological terms
extracted from PubMed (19). HIPPIE (20) generates re-
liable and meaningful human PPI networks through PPI
network scoring, integration of different types of experi-
mental information and basic graph algorithms for high-
lighting important proteins. More complex systems, such as
iHOP (21) allows to search information through hyperlinks
so that literature is clustered according to gene names and
text topics, thus leading to possible PPIs. Other approaches
extract PPIs from scientific literature through the identifica-
tion of protein names in text (17), others are able to perform
sentence-based semantic analysis (22–24) and others con-
nect proteins to concept profiles following the assumption
that proteins which share one or more concept profiles have
an increased probability to interact (25). Notably, all PPIs
which are experimentally verified are highlighted elsewhere
(21).

In addition to the above methods, other tools which in-
tegrate data from various sources and predict a PPI, ex-
ist. One such web tool is STRING (26), which uses in-
formation from biomedical literature (co-occurrences of
gene names in PubMed abstracts), high-throughput exper-
iments, conserved co-expression, gene neighborhood, gene
fusion events, phylogenetic profiling and curated databases,
to show protein associations for more than 1200 species.
Similarly, van Haagen et al. (27) developed a method sim-
ilar to STRING, which uses biomedical literature data,
mRNA expression patterns and protein domain informa-
tion. Furthermore, there are several online manually cu-
rated databases which contain known and experimentally
validated PPIs. Few of them which are also often used for
benchmarking are the Reactome (28), BioGRID (29), DIP
(30), HitPredict (31), MINT (32), IntAct (33) and BIND
(34).

Herein, we introduce a novel computational approach
which is able to not only identify known associations be-
tween proteins described in the biomedical literature, but
also to predict novel interactions which are not yet exper-

imentally documented. The methodology is offered as on-
line service and its functionality is accompanied by both a
statistical and an experimental validation of results.

MATERIALS AND METHODS

UniReD (UniProt-Related Documents) is a text mining
based computational tool able to extract known protein–
protein associations/interactions and predict novel ones
from information from the scientific biomedical literature.
Protein associations can either be physical interactions (e.g.
direct binding between proteins) or indirect (e.g. functional
associations). The methodology consists of seven main
steps (Figure 1) whereas each step is described below:

Step 1: Retrieval of UniProt reviewed records

In this step, all reviewed records for the Mus musculus and
Homo sapiens organisms are retrieved from UniProt knowl-
edge base (35). Notably, reviewed records are of high qual-
ity, manually annotated and non-redundant. Non-reviewed
records are omitted due to them being less reliable.

Step 2: Extraction of PubMed IDs from UniProt records

In this step, all UniProt records are parsed and all PubMed
IDs are extracted from them. Publications which are tagged
as high-throughput by UniProt are filtered out, as non-
protein-specific. Additionally, publications appearing in
more than 10 (empirical threshold) UniProt records are also
excluded from the following steps of the pipeline. The pur-
pose of this exclusion step is to retain publications referring
to a specific protein and discard the broader ones, e.g. arti-
cles discussing the whole proteome of an organism.

Step 3: Retrieval of related documents

In this step, we take advantage of PubMed’s functionality
called ‘similar documents’ or previously known as ‘related
documents’. With this functionality all relevant documents
to the ones collected by the previous step (36) are collected
and ranked by relevance. The ranking score is used to assign
weights to the connections.

Step 4: Graph construction

Each document is represented as a node and each edge
represents the relatedness between them. The result is a
weighted graph of documents (based on the PubMed re-
lated score).

Step 5: Document clustering

In this step, the MCL clustering algorithm (37–39) is ap-
plied on the graph in order to generate clusters of doc-
uments. By adjusting a single parameter, called Inflation
value, clusters of different scales of granularity are gener-
ated.
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Figure 1. Main steps of the UniReD methodology.

Step 6: Protein clustering

This step involves the creation of protein clusters (UniProt
ACs) from the document clusters (PubMed IDs) created in
step 5. Each document (PubMed ID) which is related to at
least one protein (UniProt AC) based on information from
UniProt is replaced by these proteins. The outcome will be
clusters of proteins (UniProt ACs) based on the clustering
in step 5. We posit that proteins within the same cluster are
associated (directly or indirectly) whereas a protein may ap-
pear in more than one cluster. Proteins within a cluster are
ranked by using the GS2 scoring measure (40). The GS2
measure is a GO-based measure and estimates the similarity
between a set of genes/proteins by averaging the contribu-
tion of each gene’s/protein’s GO terms and their ancestor
terms with respect to the GO vocabulary graph. Thus, clus-
ters with proteins more relevant to each other have higher
GS2 measure scores.

Step 7: List of associated proteins

A non-redundant list of proteins which were found in clus-
ters associated to the query protein is generated. The pro-
teins are sorted by their cluster representation, thus the
more clusters a protein is found to belong to, the higher its
placement in the list.

Input/Output

The whole pipeline runs in the background every 6 months
and all results are updated and pre-calculated. Users are
able to query for a protein (UniProt AC) and get back: (i)

clusters containing the query of interest and other associ-
ated proteins and (ii) a ranked list of proteins from all clus-
ters associated to the query.

Protocols used for experimental validation

As a proof of principle, we experimentally validated six
UniReD PPI predictions in three case studies. Further bel-
low, we provide information about the protocols used for
the experiments. The selection of the protein pairs that were
chosen for experimental validation (direct or indirect as-
sociation) was based on manual inspection of UniReD re-
sults for the protein of interest. After that, depending on
the availability of resources (i.e. antibodies, plasmids), the
appropriate experiments were conducted.

Case study 1 (Contactin-2)

Brain cortex from adult (2mo) and embryonic (E15.5)
C57BL6/SV129 mice were carefully dissected and homog-
enized in ice-cold glucopyranoside lysis buffer (85 mM
Tris, pH 7.5, 30 mM NaCl, 1 mM ethylenediaminete-
traacetic acid, 120 mM glucose, 1% Triton X-100, 60 mM
octyl Q-D glucopyranoside (Sigma-Aldrich)), protease in-
hibitor mixture diluted 1:1000 (Sigma-Aldrich) and phos-
phatase inhibitors (ThermoFisher Scientific), followed by
a brief sonication on ice. Alternatively, lysates from co-
transfected HEK293T cells were used. The following ex-
pression plasmids were transfected in 10 cm culture plates:
human CNTN2 in pEGFP-C1, mouse Sema6A-c-myc epi-
tope in pCX, mouse Nfasc140FLAG in pCMVTag4 and
rat Nfasc155FLAG in pCMVTag4 (from Diane Sherman).
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Table 1. Sequences of primers for the yeast Gcn5p experiment

ZWF1-S1 GAAAGAGTAAATCCAATAGAATAGAAAACCACATAAGGCAAGcgtacgctgcaggtcgac
ZWF1-R3 ATTTCAGTGACTTAGCCGATAAATGAATGTGCTTGCATTTTTCtcgatgaattcgagctcg
GCN5 (HAT�) fw CATCTTTCCATGGCTGTCATTAGGAAGCCATTGACTGTCGTAGGtttttgattccggtttctttg
GCN5 (HAT�) rev TTTAATATATCCCATCCATATACTTTTATCCAACGTGATTTCTTTagattcccgggtaataactg

Fifteen micrograms of total DNA were used for each
transfection. For co-immunoprecipitation (Co-IP) studies,
protein lysates were precleared with protein G Sepharose
beads (GE Healthcare LifeSciences) for 1 h at 4◦C. Co-
IP was performed by incubating the lysate with the anti-
body overnight at 4◦C. The next day, 40 �l of protein G
Sepharose beads were added and incubated for at least 1 h at
4◦C. The following antibodies were used: rabbit polyclonal
antibody against CNTN2 (TG2, (41)) and mouse mono-
clonal antibody for CNTN2 (1C12, Developmental Stud-
ies Hybridoma Bank, (42)). Immunoprecipitates were an-
alyzed on a sodium dodecyl sulphate-polyacrylamide gel
of appropriate acrylamide percentage and transferred to
a 0.45 �M Protran nitrocellulose transfer membrane (GE
Healthcare LifeSciences), over 1 h using a wet transfer unit
(Bio-Rad Laboratories). After blocking (5% powdered BSA
and 0.1% Tween-20 in phosphate-buffered saline (PBS)) for
1 h, the membrane was incubated overnight at 4◦C with
the primary antibodies. After washing three times for 15
min in 0.1% Tween-20 in PBS, samples were incubated
for 1 h at room temperature with horseradish peroxidase–
coupled secondary antibodies, and proteins were visu-
alized by enhanced chemiluminescence (Luminata Clas-
sico HRP Substrate, Millipore). The following antibodies
were used: mouse monoclonal against Reelin E4 (1:1000,
Developmental Studies Hybridoma Bank), mouse mono-
clonal against MAP1B (1:1000, Santa Cruz Biotechnol-
ogy), rabbit polyclonal antibody against CNTN2 (1:4000,
(41)),rabbit polyclonal against c-Myc (A-14) (1:1000, Santa
Cruz Biotechnology, sc-789), Pan-Neurofascin antibody
and horseradish peroxidase-coupled secondary antibodies
(1:6000; GE Healthcare).

Case study 2 (Necdin)

Lysates from E18 mouse brains were obtained by incu-
bation and sonication of the tissue in RIPA buffer sup-
plemented with mini-complete protease inhibitors (Roche).
Immunoprecipitation of Necdin was performed following
standard procedures, using the NC243 antibody raised
against Necdin amino acids 83–325 (kind gift of Dr
Yoshikawa). Immunoprecipitated proteins were separated
by western blot and QCR-1 was identified on the blot using
a specific antibody (Abcam, ab110252).

Case study 3 (Yeast Gcn5p)

Known interactors of Gcn5p include, among others, Kar2p
(43,44), Sod2p (45), Tsa1p (43,46–47), Ssc1p (43), Gsh1p
(46), Rpo21p (43) and Cdc28p (48). The parental wild-type
yeast strain (FT5, S288c) that was used in this study has
been previously described in detail (49). All yeast strains
derivatives were cultured in rich YPD media and yeast
transformations were performed by standard methods, as

described in (50). Yeast transformants were selected by
growth in appropriate minimal or antibiotic(s) containing
media, then purified and tested for growth defects as de-
scribed in the text. The zwf1� mutant strain was con-
structed following the standard strategy by using the pair
of primers ZWF1-S1 ��� ZWF1-R3 (Table 1) and the plas-
mid pYM6 as a template. The resulting polymerase chain
reaction (PCR) product was used to transform the wild-
type strain as referred above. Disruption of GCN5 was ac-
complished using the forward GCN5 (HAT�) and reverse
GCN5 (HAT�) primers along with the plasmid YEp24-
GCN5, as previously described (51). In order to confirm the
corresponding genes’ disruptions, PCR analysis was per-
formed with appropriate internal primers. The zwf1� dis-
ruption was also confirmed by the Methionine auxotrophy
phenotype known to be displayed by the zwf1� mutation.
The zwf1�, gcn5� double mutant was constructed by se-
quential genes’ disruption in the FT5 wild-type strain, as
described above.

RESULTS

UniReD’s functional landscape

UniReD methodology was applied on M. musculus and H.
sapiens. The query used to retrieve the reviewed UniProt
records for M, musculus for example was: (reviewed:yes
AND organism:‘M. musculus (Mouse) [10090]’), where
10 090 refers to the NCBI taxonomy ID. Similarly, the re-
spective query used to retrieve the reviewed UniProt records
for H. sapiens was: (reviewed:yes AND organism:‘H. sapiens
(Human) [9606]’). While in UniReD’s GUI we allow clus-
tering using five different MCL inflation values (2.0, 2.2,
2.5, 2.7 and 3.0––higher inflation values entail more but
tighter clusters), the results reported in this article for anal-
ysis and benchmarking have been generated using the infla-
tion value of 2.5.

Briefly, the total number of generated document clusters
for mouse were 66 780, containing 13 655 unique proteins.
While 27 390 of these clusters were discarded as singletons
(clusters with only one member), UniReD reported 13 487
unique proteins appearing in 39 390 clusters.

Similarly, 97 944 clusters containing 16 369 proteins were
generated for human. From them, 47 193 clusters were dis-
carded as singletons and 50 751 composed of 16 137 unique
proteins were used for further analysis.

The web interface

UniReD’s functionality is offered through an online ap-
plication (Figure 2). The backend routines were written in
Perl whereas its front end in HTML/PHP/JavaScript. For
navigation and performance reasons, all results are pre-
computed thus making them immediately available to the
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Figure 2. UniReD application. (A) UniReD’s landing page. The user may enter a mouse or human UniProt accession number and choose the granularity
of the results (slidebar -MCL inflation value). (B) Cluster View: Each cluster contains the query protein and other associated proteins found in literature.
Interactions which are found in external databases (BioGRID, DIP, HitPredict, UniProt) are marked. A protein may appear in more than one cluster.
Cluster are ranked according GO similarity. (C) List View: All proteins predicted to interact with the query protein, along with information whether the
PPIs are described in an external PPI database. Proteins are sorted according to the number of clusters they appear in. (D) KEGG pathways related to
query protein.
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user. Through UniReD’s interface, a user can query the sys-
tem for any protein of interest by using a UniProt acces-
sion number. For the time being, only M. Musculus and H.
sapiens accession numbers are acceptable, but more organ-
isms will be supported soon. Using an interactive slider, the
user can in addition adjust MCL’s inflation value and sub-
sequently the number of clusters (the higher the inflation
value, the more and tighter the clusters). Every time a query
is performed, all clusters containing the UniProt Accession
Number are pulled from our precalculated results and pre-
sented to the user in various ways. At the top of the web
page, a summary displaying the UniProt Accession Num-
ber & the UniProt ID of the UniProt entity is presented. In
addition, the number of clusters in which the query protein
appears along with the number of predicted protein inter-
actors are shown. Detailed information can be downloaded
whereas the results can be displayed in two modes, namely
Cluster View and List View.

In a typical Cluster view, all clusters are displayed and
sorted by a cluster score. Next to each cluster, the user can
view the cluster score, the number of proteins in the cluster
and the number of unique PubMed IDs where this infor-
mation came from. The clusters are initially collapsed but
users can expand one or all of them. Upon expansion, a de-
tailed report for each cluster is generated and accompanied
by a list of MeSH terms. These MeSH terms derive from the
PubMed publications that relate to each cluster. The results
are normalized and the MeSH terms that appear more often
are displayed in a word cloud format. The size is analogous
to their occurrence frequency. The proteins in each cluster
are ranked by their GO similarity using the GS2 algorithm
(40). In addition, icons are used to highlight whether a pro-
tein in a cluster was found to interact with the query pro-
tein in curated PPI databases such as BioGRID (29), DIP
(30), HitPredict (31) and UniProt (52). At last, a KEGG
representation analysis per cluster is available where users
can see whether the proteins in a cluster belong to a KEGG
pathway (53). Links to KEGG pathways with highlighted
proteins are provided.

In a typical List view all unique proteins found to be asso-
ciated with the query protein of interest are displayed. The
list is non-redundant and proteins are sorted by their clus-
ter representation. This way, if a protein was found in many
clusters, it will be sorted higher compared to a protein which
was found in fewer clusters. To reduce complexity, by using
text filtering, users can sort or filter the list based on var-
ious features. One can for example filter by expression in
a specific tissue using substrings (e.g uter for uterus, uteral
etc.). At last, while all known interactions are marked by an
icon (similarly to the Cluster View), tissue expression de-
rived from the SwissProt database (local updated copy) is
also displayed for each Uniprot entity.

Experimental validation

As a proof of principle, we experimentally validated six PPI
predictions, as suggested by UniReD.

Prediction 1-4. The first case focuses on Contactin-
2/TAG-1 (CNTN2, UniProt AC:Q61330), a cell adhe-
sion molecule of the immunoglobulin superfamily (IgSF)

that is known to exert its functions through homophilic
and/or heterophilic interactions (54,55). UniReD revealed
a number of known protein interactors for the target
molecule CNTN2, such as L1CAM (56), NRCAM (57),
CNTNAP2/CASPR2 (54), potassium voltage-gated chan-
nel subfamily A member 1 KCNA1 (58), and protein CD24
(55). Apart from the known molecules that interact with
CNTN2, several other putative interactors were identified.
Four of them were validated with co-immunoprecipitation
experiments (Figure 3). More specifically, interactions were
detected between CNTN2 and the cell adhesion molecules
Sema6A and Neurofascin isoforms 140 and 155 in HEK293
co-transfected cells (Figure 3A-F). Furthermore, CNTN2
was found to interact with the microtubule-associated pro-
tein MAP1B both in embryonic and adult mouse brain tis-
sue (Figure 3F-L). MAP1B promotes similar processes as
CNTN2 such as axonal growth, development, branching
and regeneration, playing also an important role in axon
guidance and neuronal migration (59). At last, an interac-
tion was verified between CNTN2 and Reelin, a large ex-
tracellular glycoprotein secreted by several neurons, par-
ticularly, in the embryonic cortex, by Cajal–Retzius cells
(60). This result points toward a possible crosstalk between
Reelin and CNTN2, which may contribute to neuronal mi-
gration.

Prediction 5. The second case concerns Necdin (UniProt
AC:P25233), a protein belonging to the Melanoma-
associated Antigen Gene Family (MAGE) of proteins.
Necdin, is encoded by an imprinted gene mapped to human
chromosome 15q11-q13, a genetic locus that is invariably
deleted in patients with Prader-Willi and Angelman Syn-
dromes (61). As the biological role of Necdin is still not
entirely clear, UniReD could provide useful insights as to
pathways that may be deregulated in the absence of Necdin,
ultimately contributing to the phenotypic manifestations of
these diseases. Interestingly, UniReD identified pathways
that were already known to intersect with Necdin function.
One such example is the insulin pathway. UniReD identified
several members of this pathway, including IGF-1, IGF-II,
IGF-1R, IR, IRS-1 as potential interactors (62,63). In ad-
dition, recent work indicates that Necdin promotes mito-
chondrial biogenesis in neurons by stabilizing PGC1a (64).
Interestingly, UniReD suggested several mitochondrial pro-
teins as potential Necdin interactors. Of interest was a clus-
ter of mitochondrial proteins, that included members of the
electron transport chain, such as CoxVIII, CoxVIa1, QCR-
1 and UCP2, as well as proteins involved in mitochondrial
metabolism such as FABP-1, sterol 26 hydroxylase, Glo2,
endophilin-B1 and p19ARF isoform 4. We verified by co-
immunoprecipitation that Necdin interacts physically with
QCR-1 in lysates of embryonic murine brain, as shown in
Figure 4. This finding invites the speculation that Necdin
may be directly involved in regulating cell metabolism, a
possibility that could account for the metabolic defects as-
sociated with Necdin deficiency. However, this hypothesis
needs further exploration.

Prediction 6. The last case involves the yeast Gcn5p
(UniProt AC: Q03330). Gcn5p is the catalytic histone
acetyl transferase subunit of three chromatin modifying
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Figure 3. Co-immunoprecipitation analysis of HEK293 co-transfected cells and mouse embryonic and adult brain tissue. (A–F) Direct interactions of
CNTN2 with Sema6A (A and B), Neurofascin155 (NF155) (C and D) and Neurofascin140 (NF140) (E and F) in HEK293 co-transfected cells. Immuno-
precipitation was performed with the monoclonal anti CNTN2 antibody 1c12. Western blot analysis of the lysates (Lys), G-beads used for the preclearance
step (G) and immunoprecipitates (IP1c12) revealed the direct interaction of GFP-tagged CNTN2 with Sema6A-c-myc (B), NF155 (D) and NF140 (F).
(G–L) Interaction of CNTN2 with MAP1B in mouse adult (G and H) and embryonic tissue (I and J), and Reelin (K and L) in embryonic tissue. Immuno-
precipitation was performed with the rabbit polyclonal antibody against CNTN2, TG2. Western blot analysis of the lysates (Lys), G-beads used for the
preclearance step (G) and immunoprecipitates (IPTG2) revealed the interaction of CNTN2 with MAP1B (H and J) and Reelin (L).

Figure 4. Whole brain lysates from E18 mouse embryos were fraction-
ated to isolate mitochondria. The mitochondrial fraction was then used
for co-immunoprecipitation experiments with antibodies against Qcr-1, a
complex III mitochondrial protein and Necdin. Necdin physically interacts
with Qcr-1, as shown.

complexes (ADA, SAGA and SLIK/SALSA) that target-
specific lysine residues of nucleosomal histones (H3 and
H2B), regulating transcription of numerous genes (4,65–
68). In order to find interactors for yeast Gcn5p, we used the
mouse homolog Kat2a (UniProt AC: Q9JHD2) as a query.
UniReD revealed several protein interactors for the target
molecule in mouse. Those include proteins whose yeast ho-
mologs are known to interact with Gcn5p, as well as sev-
eral putative novel interactors. UniReD also revealed sev-
eral putative interactors for Gcn5p. Apart from the known
molecules that interact with CNTN2, several other pu-
tative interactors were identified. For some of them we
identified the corresponding homolog proteins in yeast: (i)
the 40S ribosomal proteins Rps15p and Rps16ap, as well

as the alpha subunit of the Translation Elongation Fac-
tor Tef1, (ii) the cytosceleton structural unit actin Act1p,
(iii) Kin28p, a subunit of the General Transcription Fac-
tor TFIIH, which is an essential serine/threonine-protein
kinase that targets RNA polII C-terminal domain and reg-
ulates the transcription initiation process (69) and at last (iv)
two physiologically related cytoplasmic enzymes, Sod1p
and Zwf1p (70). Sod1p is a Cu-Zn superoxide dismutase
that scavenges harmful superoxide anions and is required
for cell protection from oxidative stress. Zwf1p encodes
Glucose-6-phosphate dehydrogenase, the first and rate-
limiting enzyme of the pentose phosphate pathway that re-
duces NADP+ to NADPH, which is also a critical metabo-
lite for cell survival upon oxidative stress. We tested whether
Gcn5p interacts functionally with the cytoplasmic Zwf1p
(G6PD) protein. To this end, we generated yeast mutants
lacking either Zwf1p (zwf1�) or Gcn5p (gcn5�), as well
as double mutants lacking both proteins (zwf1�, gcn5�).
The zwf1� mutant strain does not display any growth de-
fect, while the gcn5� strain displays a severe slow growth
phenotype. Interestingly, the double mutant strain zwf1�,
gcn5� grows normally. We concluded that the zwf1� muta-
tion suppresses the growth defect caused by the gcn5� mu-
tation, indicating a functional interaction between the two
proteins.

Additional evidence. At last, we evaluated UniReD’s per-
formance against a standard mass spectrometry-based
affinity purification (AP-MS) of mouse PPIs analysis pre-
sented by Chatzinikolaou et al. (71). In this study, XPF
(UniProt AC: Q9QZD4, also known as ERCC4) was used
as affinity bait in order to ‘fish’ putative direct/indirect In-
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Figure 5. Protein interaction network of ERCC4 (XPF-Q9QZD4) generated by String. This experimental study identified 306 putative PPIs that were
reduced to 20 proteins after manual validation. UniReD was able to identify 18 out of 19 (94.5%) proteins selected by the researchers for experimental
verification as interacting partners of XPF. One (Taf15-Q8BQ46) was excluded from the UniReD results, as UniReD requires that all proteins are reviewed
and excludes large-scale experiment publications. The symbols in the inset box explain how proteins were found in UniReD. PF means protein family and
means that UniReD detected proteins of the same family with the identified interacting partner. Human indicates that UniReD detected Human homologs
of the interacting partner.

Table 2. UniReD evaluation using different databases

Database (DB) Organism Coverage

HitPredict Small Scale Human 60.06%
HitPredict Small Scale Mouse 68.06%
BioGRID Small Scale Human 55.34%
BioGRID Small Scale Mouse 66.95%
UniProt High Confidence (>0.60) Human 53.21%
UniProt High Confidence (>0.60) Mouse 96.83%
DIP Small Scale Human 77.59%
DIP Small Scale Mouse 76.62%
Lit-BM Human 73.48%
PrePPI 201008 dataset Human 81.57%
Pickle (results with >1 publication) Human 73.27%

Two datasets were used: i) the Lit-BM dataset, which is a highly cu-
rated human interactome network and ii) the PrePPI dataset (the Human
High Confidence set––interactions supported by at least two publications
prior to August 2010 - https://honiglab.c2b2.columbia.edu/PrePPI/ref/
data/human.db.hc.201008.intm). Last column represents the same evalua-
tion against the STRING database, using its medium and high confidence
text mining evidence.

teractors. ERCC1 (UniProt AC: P07903) is a known inter-
actor of XPF, and both are essential components of the
NER system. Normally, ERCC1 joins XPF endonuclease
to form heterodimeric endonuclease (XPF-ERCC1), which

excises the 5′ end of DNA to the damaged site. XPF-ERCC1
complex also participates in the homologous recombina-
tion and repair of inter-strand crosslinks. This experimen-
tal study identified 306 putative PPIs. Furthermore, manual
validation of the putative PPIs resulted in four XPF-bound
protein complexes consisting of 20 proteins, only four of
them being previously confirmed as direct interactors. We
queried UniReD with mouse XPF using UniProt data pre-
dating the publication of the study. UniReD predictions ex-
hibit a minor overlap with the automatically derived exper-
imental data (∼12%), while a higher overlap with the man-
ually derived short-listed putative PPIs is evident (∼39%).
Four of these proteins were previously confirmed as di-
rect interactors (TERF1-P70371, ERCC1-P07903, PARP1-
P11103, SLX4-Q6P1D7) and three of them are predicted
as putative PPIs (CTCF-Q61164, SMC3-Q9CW03, ATRX-
Q61687). A manual inspection of the remaining 11 proteins,
showed that 4 of them appear in the UniReD results when
human XPF is used as query, and for six proteins UniReD
was able to identify one or more proteins belonging in the
same protein family. Summing up, UniReD was able to
identify 94.5% of the proteins selected by the researchers for
experimental verification as interactors of XPF (Figure 5).
This again reveals the usefulness of our method when com-
bined with high-throughput experimental results and can be
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Table 3. Topological analysis and comparison between UniReD and STRING networks (human and mouse)

MOUSE

Inflation Nodes Edges Centralization Average #neighbors Density Heterogeneity Clustering coefficient

UniReD 2.0 13 608 7 208 519 0.59 1059 0.078 1.21 0.742
UniReD 2.2 13 565 5 238 233 0.53 772 0.057 1.33 0.724
UniReD 2.5 13 487 3 335 666 0.44 494 0.037 1.48 0.693
UniReD 2.8 13 413 2 ,397 365 0.38 357 0.027 1.59 0.667
UniReD 3.0 13 357 1 982 808 0.36 296 0.022 1.67 0.653
BioGRID 7332 26 060 0.23 6 0.001 5.32 0.130
STRING 21 291 5 972 403 0.27 561 0.026 0.92 0.245

HUMAN
Inflation Nodes Edges Centralization Average #neighbors Density Heterogeneity Clustering coefficient

UniReD 2.0 16 318 6 711 598 0.56 822 0.050 1.21 0.669
UniReD 2.2 16 253 4 452 816 0.52 547 0.034 1.33 0.643
UniReD 2.5 16 137 2 593 089 0.45 321 0.026 1.52 0.612
UniReD 2.8 16 031 1 759 127 0.39 219 0.014 1.66 0.594
UniReD 3.0 15 952 1 423 064 0.35 178 0.011 1.73 0.584
BioGRID 17 793 475 919 0.16 39 0.002 2.22 0.121
STRING 19 354 5 879 727 0.36 607 0.031 0.87 0.205

a practical guide for researchers in order to identify a list of
proteins for further analysis.

Benchmarking against known protein–protein interaction
(PPI) DBs

In order to validate UniReD, we benchmarked its cover-
age against several established PPI databases, such as Hit-
Predict (31), BioGRID (29), UniProt (52), Lit-BM (72),
PrePPI (73) and PICKLE (74). All UniReD results were
produced using UniProt version 2017 and PubMed’s re-
lated articles feature from the same period (March 2017).
Document clusters were generated after applying MCL
inflation value 2.5. For the analysis, we only looked at
associations/interactions in which both ends (interactors)
are proposed by UniReD. The proposed PPIs were gen-
erated based on the assumption that all proteins in a
UniReD cluster may be functionally related. In addition,
to validate UniReD results against known well-documented
PPIs, we only considered the interactions which have high
accuracy/confidence from only PPIs from small scale ex-
periments, the interactions with high confidence score when
available or the interactions from PPIs which were found in
at least two different references in the biomedical literature.
Coverage results are shown in Table 2.

Comparison with STRING

Looking at simple topological features such as the number
of nodes and edges as well as other features like the cen-
tralization, the average number of neighbors, the density,
the heterogeneity and the clustering coefficient (Table 3),
we observe that UniReD’s networks (human and mouse)
are very comparable to STRING networks. For an inflation
value of 2.5, for example, UniReD generates a protein asso-
ciation network consisting of 13 487 nodes and 3 335 666
edges for mouse and a network consisting of 16 137 nodes
and 2 593 089 edges for human. Similarly, STRING (ver-
sion 10/2019––all evidence channels, 0.4 score), generates a
network consisting of 21 291 nodes and 5 972 403 edges for
mouse and a network consisting of 19 354 nodes and 5 879

727 edges for human. While networks have similar topolo-
gies in terms of density and average neighbor connectivity,
UniReD’s networks are more modular.

As a next step we compared UniReD’s and STRING’s
(26) coverage against widely-used databases such as HitPre-
dict (31), DIP (30), BioGRID (29), UniProt (52), Lit-BM
(72), PrePPI (73) and PICKLE (74). For a fairer compar-
ison, we isolated STRING’s human and mouse networks
for three different evidence scores (0.9 highest, 0.7 high and
0.4 medium) and filtered by text mining evidence channel.
The coverage results are reported in Tables 4 and 5 respec-
tively and show that UniReD achieves a better coverage
than STRING when it is compared against the known PPI
databases.

In order to demonstrate that the coverage (human and
mouse) differences between UniReD and STRING (high
score:0.7 and medium score 0.4) are statistically significant,
we used t-test since the data follow a normal distribution
(Shapiro-Wilk W = 0.91869, p = 0.07141) and the vari-
ances between the two datasets do not have a statistically
significant difference (F(10,10) = 1.2089, P = 0.77). Sim-
ilarly, when comparing UniReD and STRING (medium
score: 0.4), we show that the data follow a normal distri-
bution (Shapiro–Wilk W = 0.95496, P = 0.3946) too and
that the variances of the two datasets do not have a sta-
tistically significant difference (F(10,10) = 0.80085, P =
0.7322). The Shapiro–Wilk test shows whether a distribu-
tion deviates from a normal distribution. In both cases, the
results indicate that there is a statistically significant differ-
ence between the coverage of UniReD and high confidence
STRING (t(20) = 9.2169, P < 0.001) as well as between
the coverage of UniReD and medium confidence STRING
(t(20) = 4.4965, P < 0.001), thus highlighting the impor-
tance of UniReD’s existence.

Retrospective analysis

We performed a retrospective analysis (as conducted else-
where (25)), where we used articles published until 2010 in
order to predict non-documented PPIs and crosschecked
how many of the UniReD predictions were indeed pub-
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Table 4. Comparison of the STRING database PPI predictions based on text mining evidence against the set of human PPI databases UniReD was
compared for evaluation purposes

Confidence

STRING DB Medium (0.4) High (0.7) Highest (0.9)

biogrid human 31.34% (18264/58259) 11.99% (6991/58259) 2.74% (1600/58259)
preppi human 63.38% (4118/6497) 36.44% (2368/6497) 11.95% (777/6497)
lit bm human 46.7% (4626/9904) 22.49% (2228/9904) 7.4% (733/9904)
hitpredict human 32.83% (20149/61362) 12.87% (7898/61362) 3.07% (1886/61362)
dip human 58.49% (2583/4416) 33.67% (1487/4416) 11.91% (526/4416)
uniprot human 31.93% (2080/6513) 18.68% (1217/6513) 7.04% (459/6513)
pickle human 47.46% (10007/21083) 23.62% (4980/21083) 6.59% (1390/21083)

Medium, high and highest confidence imply a score higher than 0.4, 0.7 and 0.9, respectively. The percentage corresponds to the coverage, the numbers
inside the parenthesis are the number of PPIs common in both DBs and the total PPIs of each DB.

Table 5. Comparison of the STRING database PPI predictions based on
text mining evidence against the set of mouse PPI databases UniReD was
compared for evaluation purposes

Confidence

STRING DB Medium (0.4) High (0.7)

uniprot mouse 71.81% (158/220) 48.63% (107/220)
biogrid mouse 35.66% (2363/6625) 15.87% (1052/6625)
dip mouse 48.7% (581/1193) 25.56% (305/1193)
hitpredict mouse 34.35% (3635/10580) 15.19% (1608/10580)

Medium, high and highest confidence imply a score higher than 0.4, 0.7
and 0.9, respectively. The percentage corresponds to the coverage, the num-
bers inside the parenthesis are the number of PPIs common in both DBs
and the total PPIs of each DB.

lished from 2011–2015; we were able to predict 57.1% of
the published (and experimentally verified) PPIs, a result
that reveals the high potential of UniReD. At last, in order
to compare our method against a well-established and very
popular PPI prediction tool, we compared STRING (26)
against the eleven databases used for evaluating UniReD.
As shown in Table 2, UniReD achieved competitive cov-
erage scores when compared to the scores achieved by
STRING.

Random clustering

The information produced by UniReD clusters was further
validated by randomizing the assignment of UniProt pro-
teins to the clusters (random clustering). Using the boot-
strap method (75), we created 1000 random clusterings
(samples) for H. sapiens, where the number of clusters and
their size remain the same as in the UniReD results. The
UniProt proteins are randomly assigned to each cluster.
Then the coverage is calculated for each of the random clus-
terings to known PPI databases shown in Table 2. Using
the results for each of the 1000 bootstrap samples, a distri-
bution graph based on kernel density estimation was plot-
ted. If the coverage calculated for the UniReD clustering is
not overlapping with the respective coverage calculated for
the random clusterings, UniReD results can be considered
informative (i.e. not random). The results are depicted in
Supplementary Figure S1. It is obvious that the computed
coverages do not overlap with the respective coverage cal-
culated for the random clusterings.

Validation against KEGG

To ascertain KEGG’s coverage percentage, all H. sapiens
and M. musculus KEGG pathways were collected. UniReD
results were mapped against the KEGG pathways. Only
the KEGG ids (i.e. proteins in the KEGG pathways) that
could be translated to UniProt ACs were used following the
same reasoning applied when comparing to PPI databases.
In the case of H. sapiens, the coverage reaches a percentage
of 98.02% and in the case of M. musculus the coverage is
96.94%. Similarly, to the method followed previously, 1000
random clusterings were created. Supplementary Figure S2
presents the distribution graph of the coverage based on the
kernel density estimation. The maximum coverage is 58%,
which is lower than the one computed when the PPIs are
not random.

Comparison with Negatome 2.0

It is not trivial to assess UniReD’s false positive pre-
diction rate because many PPIs have not been discov-
ered and described yet. In addition, UniReD is an ex-
ploratory tool and does not only capture direct interac-
tions but also indirect ones (associations). In an effort to
assess UniReD’s false positive rates, we compared its perfor-
mance against Negatome 2.0 (76). Negatome is a database
of non-interacting proteins derived by literature mining,
manual annotation and protein structure analysis. In or-
der to be as thorough as possible, we used the largest,
most extensive dataset provided by Negatome (combined
dataset, 6532 protein pairs). Out of the 1526 human pro-
tein pairs in Negatome, 756 were also detected by UniReD.
The respective numbers in mice are 239 out of 411. In or-
der to account for indirect interactions and more generic
associations, we employed STRING and filtered out the
UniReD pairs which were found in Negatome but not in
STRING (with at least medium confidence). Here, we make
the assumption that interactions in the intersection between
STRING and Negatome are indirect interactions. For hu-
man, out of the 756 Negatome pairs found by UniReD, 618
were also detected by STRING. These pairs might be in-
volved in indirect interactions and should not be consid-
ered false positives, thus leaving only 138 pairs to be consid-
ered as false positives. Similarly, for mouse, out of the 239
Negatome pairs found by UniReD, 187 are also detected by
STRING, thus leaving only 52 pairs to be considered as pos-
sible false positives. The false positive rate was based using
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Table 6. Comparison with Negatome 2.0

Organism
Negatome pairs

(combined) UniReD pairs
UniReD pairs found in

Negatome
UniReD pairs in Negatome but

not in STRING
False positive

ratio

Human 1526 2593090 756 138 15.1%
Mouse 411 3335667 239 52 23.2%

FPR = (UN-UNS)/(N-UNS)
UN = Common pairs between UniReD & Negatome
UNS = Common pairs between UniReD & Negatome & STRING
N = Negatome pairs

This analysis resulted in a false positive rate of 15.1% for humans and 23.2% for mice.

the following formula: (UN-UNS)/(N-UNS) (where UN
= Common pairs between UniReD & Negatome, UNS =
Common pairs between UniReD & Negatome & STRING
and N = Negatome pairs). This analysis resulted in a false
positive rate of 15.1% for human and 23.2% for mouse. Re-
sults are reported in Table 6.

DISCUSSION

UniReD is a tool that can assist wet lab scientists in their
quest to discover proteins associated with a protein of in-
terest and a tool for accurately extracting known interac-
tions and pathways. It mainly parses UniProt records for
literature links and enriches this dataset with related arti-
cles from PubMed. Then upon abstract clustering, it sub-
stitutes the articles with original UniProt records and re-
ports many associated-to-a-query proteins in the form of
ranked clusters or as a ranked list. UniReD’s performance
has been validated both computationally and experimen-
tally and benchmark tests show a high coverage rate and
an impressive predictive percentage, indicators for its effec-
tiveness and accuracy. Experimental validations which have
been conducted by different wet lab researchers, revealed
five new direct interactions (co-immunoprecipitation) and
a genetic one. For broader use, UniReD comes with a user-
friendly GUI where users can simply start by entering a
UniProt AC of the protein of interest as input and get back
a list of functionally related proteins and pathways. At last,
and most importantly, UniRed can be safely used as a tool
for exploratory analyses, as well as for prioritizing hits ob-
tained from complementary high throughput studies and
can aid researchers to perform more targeted experiments.
This methodology may be able to unravel potentially func-
tional counterparts of the protein of interest or unreported
pathways where a protein is involved in.
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UniReD is available at: http://bioinformatics.med.uoc.gr/
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