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Abstract

Background/Objectives: Studying protein–protein interaction (PPI) networks is crucial
in understanding cancer phenotypes and molecular mechanisms. Here, we focus on PPIs
involved in 12 different types of cancer (oncoPPIs), highlighting those protein pockets
serving as outposts to modulate protein functioning. Methods: To explore these cav-
ities linked to the cancer phenotype changes, we built a comprehensive pocketome of
314 crystallographically solved oncoPPIs. Based on this experimental data, we identified
and investigated all ligandable protein pockets by employing 3D geometric and energetic
descriptors. These pockets were classified as suitable for designing new oncoPPI modula-
tors or PROTACs. The ligand-bound crystallographic pockets were analyzed to compare
their properties across cancer types. Finally, 3D oncoPPI networks were built for each
cancer type to identify highly connected proteins acting as hubs. Results: Combining
interaction networks with structural pocket data helps identify cancer-relevant proteins
and key interacting residues. Using this approach, we present clinical examples (e.g.,
S100A1, NRP1, CTNNB1, VCP) to show the therapeutic value of targeting ligandable 3D
oncoPPIs. We also provide a publicly available reference dataset supporting future research.
Conclusions: Notably, this study offers a flexible framework for evaluating and prioritizing
novel disease targets.

Keywords: ligandable pockets; 3D oncoPPI networks; PPIs modulators; PROTACs;
pocketome analysis; target prioritization in cancer

1. Introduction
Nowadays, cancer remains one of the major issues for medical research due to its

vast impact on society. Almost half of global cancer cases occur in Asia (49.2%), mainly
in Eastern Asia including China, followed by Europe (22.4%) and the Americas (21.1%).
Cancer deaths are also highest in Asia (56.1%), with Europe (20.4%) and the Americas
(14.9%) trailing behind [1]. Cancer leads to an annual cost of EUR PPP 449 billion for
health systems, representing a 6% rise in healthcare spending compared to a scenario
without cancer [2].

One of the primary challenges in cancer biology revolves around comprehending the
transformation of a normal cell into a cancer cell. Nowadays, it is evident that protein–
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protein interactions (PPIs) play a significant role in all the stages of cancer onset and
progression. They are involved in the signaling pathways governing cell proliferation,
growth, apoptosis, differentiation, and metabolism. Consequently, developing modulators
that interfere with PPIs and targeting specific biochemical pathways of oncoproteins could
be a key strategy in molecular cancer therapy [3–5].

Enhanced comprehension of the protein interaction networks and specific protein hubs,
within each cancer type holds significant promise in advancing personalized medicine
approaches. For this reason, there is an urgent need for a cancer-specific view of PPIs.
Several studies have explored cancer-related PPIs using structural and network-based
approaches. Kamburov et al. [6] mapped missense mutations onto 3D protein structures to
identify novel cancer proteins and functional mutations in PPIs. Li et al. [7] later developed
oncoPPIs, experimentally characterizing over 260 cancer-associated PPIs in lung cancer
cells. Large-scale pan-cancer analyses further classified differential PPIs, distinguishing
activated and repressed interactions [8], while platforms like PINA [9] integrated multi-
omics data for cancer type-specific PPI investigations. Techniques such as single-molecule
tools and fluorescence resonance energy transfer measurements are widely exploited to
measure the mechanical strength of biomolecular complexes, including PPI systems, and to
provide a quantitative characterization of their interaction properties [10,11].

In silico methodologies have accelerated the study of oncoprotein interfaces for drug
discovery. Integrating 3D structures into PPI networks has revealed distinct features of can-
cer proteins, such as smaller and more charged binding sites [12]. Proteins overexpressed in
10 tumor types, but not necessarily involved in PPIs, were mapped in the search of putative
interaction sites (i.e., catalytic sites, PPI sites, and unclassified sites) [13].

Targeting PPIs has become more attractive, since the general assumption that PPI
interfaces are undruggable (large, flat, and featureless) has been overcome as demonstrated
by numerous PPI-specific inhibitors that have entered clinical trials for cancer and some
already on the market [14].

Furthermore, the PROTAC (proteolysis targeting chimera) route is a fascinating al-
ternative for overcoming the limits of resistance and high-dose requirements, and thus
for targeting what is sometimes defined as “undruggable”, or more accurately, “diffi-
cult to drug” [15]. A PROTAC is a molecule designed to eliminate specific unwanted
proteins. PROTACs as anticancer therapies have been developed in recent years [16,17],
capturing several oncoproteins such as nuclear receptors [18], kinases [19], transcriptional
regulators [20], and others [21].

In this respect, it is thus important (a) to look at protein networks from a cancer-specific
perspective; (b) to employ in silico methodologies for investigating and exploring oncopro-
teins and oncoPPIs in a three-dimensional manner; and (c) to explore oncoPPIs modulators
and PROTACs, as well as, more generally, allosteric inhibitors, for designing new effective
therapies. In this study, we aimed to design a strategy that addresses these needs. The main
aim was to put a magnifying glass on key protein pockets that can regulate and modulate
oncoproteins and oncoPPIs. This methodology, previously successfully applied to other
case studies of 3D protein pocket mapping [22–25], employs GRID-based approaches [26]
to pinpoint areas within the protein structure that could either be significantly buried or
relatively exposed while still exhibiting features suitable for interacting with drug-like
small molecules.

To the best of our knowledge, we present for the first time an unprecedented, compre-
hensive compendium of pockets derived from 3D crystallographic structures of oncoPPIs
activated across 12 distinct cancer types, based on targets identified in Gulfidan et al. [8].
For each oncoPPI uniquely activated in tumors versus healthy tissue, we performed
two critical analyses: (a) we identified interface pockets with immense potential for the
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design of oncoPPI modulators, and (b) we uncovered additional surface pockets that
can be exploited as anchoring sites for PROTAC-mediated degradation of one of the
interacting partners.

Our in silico protocol [27] was validated with a success rate of 75% and 100% for known
cases of oncoPPIs inhibitors and PROTAC binding sites, respectively. All the potential
pockets, both on the interface of 3D oncoPPIs and on other favorable protein regions for
PROTAC design, were thus mapped. Based on molecular interaction fields (MIFs) [26], the
geometric and energetic physicochemical properties were inspected in order to have a clear
picture of the content of these pockets. To assess their ligandability content, we examined
and characterized crystallographic ligands already known to bind them. Furthermore, the
occurrence of analyzed ligands was different across various cancer types.

Notably, we also constructed 3D oncoPPI networks to identify hub proteins, which
are therapeutically relevant for each cancer type due to their high degree of connection
to other proteins. This study focuses on the structural features of proteins and pockets re-
sponsible for oncoPPIs, paving the way to prioritize targets with high druggability content.
This approach aims to streamline the rational design of new drugs and to suggest new
therapeutic strategies. For instance, we identified promising pockets for drug design in
various oncoproteins and oncoPPIs, including S100A1, HIF1α, MTOR, NRP1, CTNNB1,
and VCP. Notably, for the first time, a 3D oncoPPI comprehensive reference dataset of
protein and pocket structures is provided. The data are freely accessible to the scien-
tific community at https://github.com/moldiscovery/OncoPPI-pocketome, accessed on
14 May 2025.

The novelty of our work lies in the introduction of a 3D standpoint of oncoPPIs. Unlike
previous studies, we focus on the binding pockets involved in cancer-associated PPIs, as
these regions are of particular interest for drug design. For the first time, these PPIs are
characterized from a three-dimensional and drug-oriented perspective, describing the
structural regions and interactions involved in the binding of putative ligands.

In addition, we propose a flexible framework for systematically assessing and ranking
emerging disease targets, enabling the identification of critical proteins in diseases and
offering a structured approach to their evaluation.

2. Results and Discussion
2.1. Detection of Known oncoPPI Inhibitor and PROTAC Binding Pockets

First, we explored known cases of (a) inhibitors disrupting oncoPPIs and (b) PROTACs
in cancer therapies, testing BioGPS’s [27] ability to guess the protein cavities hosting
potential binding sites. Data were collected from literature [16,28–30] and the Protein Data
Bank (PDB), resulting in two validation sets: (a) 16 oncoPPIs and (b) 7 PROTAC complexes
(Table S1). BioGPS detected protein pockets at oncoPPI interfaces in 81% of cases (13/16),
and 75% when one protein was bound to a disruptor (12/16). For the PROTAC set, BioGPS
successfully identified pockets in all seven cases, both for PROTAC-bound and inhibitor-
bound proteins. Examples of protein-bound and ligand-bound for both these pools are
reported in Figure 1. Furthermore, we evaluated the accuracy in detecting pocket residues
by comparing the known protein residues interacting with the ligand/partner and the
residue defining the pocket by calculating the Matthew correlation coefficient (MCC) [31]
(Table S1). MCC values ranged from 0.58 to 0.90, thus proving the outstanding accuracy in
detecting pockets for targeting oncoPPIs and for PROTAC-related protein systems.

https://github.com/moldiscovery/OncoPPI-pocketome
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Figure 1. Successful examples of predicted pockets in validation dataset. (a) Pocket at the interface of
HDM2/P53 (PDB ID: 1ycr). (b) Pocket detected on HDM2 co-crystallized with inhibitor HTZ (PDB
ID: 6q9l). (c) Pocket at the interface of CRBN/BRD4 with RN6 PROTAC (PDB ID: 6boy). (d) Pocket
detected on BRD4 co-crystallized with inhibitor 0S6 (PDB ID: 4f3i). (e) Spider plots reporting the
number of activated PPIs in Gulfidan et al. [8] work (2D-act, in grey) and the number of mapped
activated interactions in PDB (3D-act, in pink). (f) The crystallographic complex of the most recurrent
3D oncoPPI, namely Erp57 and Tapasin (PDB ID: 3f8u). (g) Histogram of the number of activated 3D
oncoPPIs per cancer. Pockets detected are displayed as surface and as mesh in the protein-bound
form and in the ligand-bound form, respectively. Protein interactors are colored in cyan and orange
cartoon, whereas ligands and PROTAC are colored in yellow and pink, respectively.
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2.2. 3D Dataset of oncoPPIs

In order to address the design of potential inhibitors or modulators of these oncoPPIs,
we focused on the so-called “activated” interactions occurring in the cancerous state,
leaving aside for the moment those “repressed” [8,28].

The paper aims to create a 3D data collection for drug design. Starting with PPIs
from cancerous tissues by Gulfidan et al. [8], we searched the PDB for these interactions
to study them from a 3D perspective. The protein interactions derived from this analysis
will henceforth be called 3D oncoPPIs. The 12 human cancer types analyzed in the study
are as follows: breast invasive carcinoma (BRCA), colon adenocarcinoma (COAD), head
and neck squamous cell carcinoma (HNSC), kidney renal clear cell carcinoma (KIRC),
kidney renal papillary cell carcinoma (KIRP), liver hepatocellular carcinoma (LIHC), lung
adenocarcinoma (LUAD), lung squamous cell carcinoma (LUSC), prostate adenocarcinoma
(PRAD), stomach adenocarcinoma (STAD), thyroid carcinoma (THCA), and uterine corpus
endometrial carcinoma (UCEC). A detailed report of their mapped interactions (both
activated and repressed) is reported in Table S2 of the Supporting Information.

Gulfidan et al. [8] identified 4671 activated interactions in cancer, involving
1967 proteins. In a 3D context, 314 activated oncoPPIs were found, involving 332 crystal-
lographic proteins. Despite their importance, only a limited number of crystallographic
structures are available (Figure 1e, left-hand side; see Table S2 in the Supporting Infor-
mation). The study focuses on 7% of the total data (314 out of 4671), but the availability
trend is consistent across cancer types, confirming the 3D data pool represents a robust
subset of the overall data. As is well known, mutations in certain proteins can lead to the
promotion or suppression of PPIs, thereby influencing cancer progression [32]. Notably,
the crystallographic structures used so far have not been selected based on the presence
or absence of mutations. However, a potential future direction could involve analyzing
how the pocket shape and interactions involved in oncogenic PPIs change in response to
variations in key residues.

The first question we tried to answer is whether some 3D oncoPPIs were activated in
more than one cancer type, making them more recurrent indicators of a tumor state. In
about half of the cases (147/314), the oncoPPIs were activated only in one type of cancer
(Figure 1g). In the remaining cases (167/314), the oncoPPI appeared to be activated in
several types of cancer. In particular, we report in Figure 1f the most frequent oncoPPI,
an activated interaction between Tapasin and ERp57, highlighting the role of ERp57 in
cancer growth and progression [33]. This interaction was found to be a crucial interaction
in BRCA, HNSC, KIRC, LIHC, LUAD, THCA, and UCEC.

2.3. 3D Protein Pocket Mapping: Development of the oncoPPI Pocketome

The proposed method detects potential binding sites by analyzing both the spatial
configuration and the physicochemical properties that promote such binding [27]. Start-
ing from activated 3D oncoPPIs, we first extracted the corresponding crystallographic
complexes from the PDB (see Materials and Methods). We then searched for pockets in
two different ways on these complexes (Figure 2).

1. Detached partners: the search for pockets was carried out on each individual part-
ner separately by splitting the crystallographic complex, so that any pocket at the
interaction interface could be revealed for both partners (Figure 2a,b).

2. Complexed partners: in this case, we analyzed the interaction zone of the whole
complex in order to identify pockets involved in the bound/unbound equilibrium
(Figure 2c).
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Figure 2. (a) Pocket detection on detached partner 1 (cyan), resulting in an allosteric-like pocket (pink
surface) that does not include the other partner. (b) Pocket detection on detached partner 2 (orange),
resulting in an interface pocket (green surface) that contains the other partner. (c) Pocket detection on
the complexed partners, resulting in an equilibrium pocket (violet surface) defined by both partners.
In the inset, a zoomed-in detail highlights the following: (d) on the left, the interface pocket (green
surface) defined by residues of detached partner 2 and containing an alpha helix from detached
partner 1 (cyan sticks), and (e) on the right, the equilibrium pocket (violet surface) defined by residues
of both partners (orange and cyan sticks). (f) Histogram showing the number of pockets per cancer
for each category.
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In this, we obtained three categories of pockets:

• Interface pockets: these pockets were identified on individual detached partners and are
located in regions involved in 3D oncoPPIs. A pocket is classified as an interface pocket
if the protein residues of the interacting partner are enclosed within it (Figure 2d).

• Allosteric-like pockets: these pockets are found on individual detached partners and do
not correspond to regions directly involved in 3D oncoPPIs.

• Equilibrium pockets: these pockets were computed on the complexed partners and are
located in regions defining the interaction interface between the two protein partners.
To be classified as an equilibrium pocket, it must consist of residues belonging to both
interacting partners (Figure 2e).

The number of the detected pockets, classified into the three categories (interface,
allosteric-like, equilibrium), for each cancer type is reported in Figure 2f (details are available
in Table S3).

2.3.1. Interface and Allosteric-like Pockets on Detached Partner

Based on 314 crystallographic complexes of activated oncoPPIs, we detected at least
one pocket in 310 cases; at least one pocket at the interface of the two partners (inter-
face pockets) in 142 cases; and at least one pocket located on other regions of the pro-
tein (allosteric-like pockets) in 296 cases. In total, we collected 2800 pockets, comprising
248 interface pockets and 2552 allosteric-like pockets.

Interface Pockets

Among 142 3D oncoPPIs with interface pockets, 22 involve homo-interactions, while
120 are hetero-interactions. Of the latter, 87 have a pocket on one partner, while 33 have
pockets on both partners (Figure S1).

One of the first cases of homodimeric interactions that caught our attention involves
the S100A1 protein, a calcium-binding protein belonging to the S100 family shown to be
overexpressed in THCA [8,34]. It has been demonstrated that the knockdown of S100A1
dramatically inhibits cell proliferation and migration, making it a key protein for the
diagnosis and prognosis of thyroid carcinoma. This study offers the opportunity to identify
the molecular initiating event for potential inhibition of the dimerization of this protein.
Indeed, the identified pocket is located at the dimer interface and represents a potential
binding site for disruptors of this dimerization (Figure 3a).

An interesting case of a heterodimer, with pockets identified on both partners
(Figure 3b), is the interaction between Hypoxia-inducible factor 1-alpha (HIF1α) and
CREB-binding protein (CREBBP), overexpressed in HNSC. Transcriptional regulation by
HIF-1α relies entirely on the interaction between its C-terminal activation domain (CAD)
and the TAZ1 domain of CREBBP. Attempts to disrupt this interaction have been previously
reported, with the antibiotic novobiocin used as a strategy to inhibit hypoxic responses
in tumors by blocking the PPI between HIF1α and CREBBP [35]. In our study, we identi-
fied two cavities, one on each partner, further expanding the possibilities for preventing
this interaction.



Pharmaceuticals 2025, 18, 958 8 of 26

Figure 3. Interface (a,b), allosteric-like (c,d), and equilibrium (e–h) pockets. (a) The S100A1 homodimer
is shown with two monomers in different shades of orange. The enlarged region highlights a pocket
on one monomer that contains residues from the other (light orange sticks) (PDB ID: 5k89). (b) In the
HIF1α–CREBBP heterodimer, HIF1α is depicted in blue and CREBBP in cyan. Two enlarged views
are provided: (left) one shows a pocket on CREBBP containing HIF1α residues (blue sticks) and
(right) the other shows a pocket on HIF1α containing CREBBP residues (cyan sticks) (PDB ID: 1l8c).
(c) PKN1 is illustrated with its allosteric-like pocket, shown as a dark green cartoon with a pink surface;
the interacting partner is represented in light grey (PDB ID: 1cxz). (d) ARPC2 displays its allosteric-like
pockets as a light green cartoon with a pink surface, with the interacting partner in light grey (PDB
ID: 6uhc). (e) The RHOA–AKAP13 heterodimer exhibits an equilibrium pocket (violet surface) that
includes residues from both proteins. RHOA and AKAP13 are shown in red and yellow, respectively
(PDB ID: 6bca). (f) The UBC–ADRM1 heterodimer features an equilibrium pocket (violet surface)
encompassing residues from both partners highlighted in black dotted box (PDB ID: 5v1y). (g,h) A
zoomed-in view of the UBC–ADRM1 heterodimer highlights the surface portion interacting with the
equilibrium pocket: UBC residues interacting with ADRM1 are depicted as a dark cyan surface, while
ADRM1 residues interacting with UBC are shown as a dark blue surface.
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Another example of a heterodimer, but with a pocket on one of the two partners is
represented by the E3 ubiquitin–protein ligase Itchy homolog (ITCH) and the thioredoxin-
interacting protein (TXNIP). The pocket, detected on ITCH, contains residues from partner
TXNIP, meaning that a modulator mimicking the interactions of these residues could
potentially act as an inhibitor [36] (Figure S1).

Allosteric-like Pockets

The 296 complexes in which at least one allosteric-like pocket was identified consist of
a total of 315 proteins. Some of these proteins contain only a single pocket (not located at
the interface), while others feature multiple pockets (Figure 3c,d).

The PKN1 protein shows an overexpression of its interaction with certain partners
(vimentin and transforming protein RhoA) in various cancer types (i.e., KIRC, LUSC,
UCEC, LUAD). Additionally, it has been identified as a key protein in promoting liver
cancer proliferation [37]. This protein features a single allosteric-like site (Figure 3c), which
is potentially useful for PROTAC design, as it is also sufficiently exposed to the solvent.
Degradation of this protein could lead to the elimination or reduction of its overexpressed
interaction with its partners. Similarly, on the actin-related protein 2/3 complex subunit
2 (ARPC2), which interacts with actin-related protein 3 in LUSC, four potential sites have
been identified that could be useful for PROTAC design (Figure 3d). On the other hand,
some cases may prove more challenging due to the abundance of clefts, complicating
the target triage process (DNA-dependent protein kinase catalytic subunit (PRKDC) in
Figure S1).

2.3.2. Equilibrium Pockets on Complexed Partners

Focusing on the pockets found in the interaction region between the two partners, we
identified a total of 812 pockets across 262 out of 314 oncoPPIs crystallographic complexes.
These pockets form only when the two partners interact, thus holding a different biological
meaning from the interface pockets previously discussed. Given their transient nature,
these are referred to as equilibrium pockets, and they exist based on the equilibrium of the
bound and unbound forms. Again, we have categorized the pockets into cases where they
are formed by homodimers (39 out of 262) or heterodimers (223 out of 262, Figure S1). The
percentage of residues from both partners that define an equilibrium pocket is reported in
Table S4 of the Supporting Information. For example, some pockets are defined equally by
50% of residues from each partner, while others are characterized by a higher percentage of
residues from a given single partner.

An interesting example of equilibrium pockets is found in Rho GTPases, key regulators
of cellular processes in UCEC cancer [8]. While a known small-molecule inhibitor targets
the AKAP13-RhoA interaction at the DH domain [38], our study highlights a ligandable
pocket at the PH domain. By targeting this specific pocket, a ligand could stabilize either
the bound or unbound form, offering a potential mechanism to influence the protein
functional dynamics. The most interesting aspect of the equilibrium pockets dataset is
that the interactions, where a pocket was detected, have nearly doubled compared to
the detached interface pockets cases (262 vs. 142). The proteasomal ubiquitin receptor
ADRM1 and ubiquitin (UBC) (Figure 3f), involved in COAD, HNSC, and LUSC, represent
an example of interactions based on an equilibrium pocket whose interface is unidentifiable
considering the detached partners only. In this case, the two regions contributing to the
interface are relatively flat when considered individually (Figure 3g,h) and do not contain
clefts suitable for the formation of binding pockets. However, upon complex formation, a
cleft is formed adjacent to the interaction zone, thus creating a potential binding site for
modulators of this 3D oncoPPI (Figure 3f). This newly formed pocket gives the chance to
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target such an interaction with small drug-like molecules designed to stabilize or disrupt
the formed complex.

2.4. Ligandable Pockets for 3D oncoPPI Modulators and PROTAC Design

The pockets identified in our study represent a vast collection of potential targets. A
crucial factor to consider is whether a ligand has been specifically designed to engage a
given pocket within a protein. To address this, we conducted a comprehensive analysis of
all known ligands available in the PDB to determine whether any were localized within
the pockets of the proteins in our benchmark dataset. This expanded approach enabled
us to classify cancers, proteins, and pockets based on their prior ligandability, providing a
critical foundation for drug design efforts.

As part of our analysis, we have identified a total of 219 ligand-bound pockets in
detached partners, which include 19 interface pockets out of 248 (7.7%) and 138 allosteric-like
pockets out of 2552 (5.4%). Additionally, we found that 62 equilibrium out of 812 (7.6%)
are ligand-bound in complexed partners. The total number of detected crystallographic
ligands is 667. The data collected emphasizes the potential for further exploration of these
ligand-bound pockets in drug design and therapeutic applications.

A ligand-bound interface pocket was identified on neuropilin-1 (NRP1), a VEGFA
coreceptor involved in angiogenesis in KIRC cancer [8]. The pocket, located at the VEGFA-
NRP1 interface (Figure 4a), is an ideal target for disruptors. Existing NRP1 antagonists
that bind this site could be optimized to inhibit VEGFA interaction or serve as moieties for
PROTAC design, enabling targeted NRP1 degradation as a novel anticancer strategy.

A ligand-bound allosteric-like pocket was found in catenin beta-1 (CTNNB1), which is
overexpressed in COAD [8]. The identified pocket, not involved in PPIs, has been shown to
bind known ligands [39], making it a promising target for PROTACs. Given the challenges
in developing potent CTNNB1 inhibitors, this approach offers a potential breakthrough for
selective protein degradation (Figure 4b).

A ligand-bound equilibrium pocket was identified at the FK506-binding protein
(FKBP1A) and the FKBP12–rapamycin-associated protein (MTOR) interface, an interaction
activated in STAD [8]. Rapamycin, a cell-cycle arrest agent, binds both proteins simultane-
ously, with MTOR inhibition driving its therapeutic effects. This dual binding mechanism
underscores the importance of equilibrium pockets in drug design, as it illustrates how
the simultaneous engagement of multiple sites can lead to significant biological outcomes
(Figure 4c).

After collecting all the crystallographic ligands within the identified pockets (by
aligning all available crystallographic structures, see Methods), we analyzed which pockets
currently have the highest ligand occupancy, as these might represent the most ligandable
sites (Table 1).

The ligandability potential of the identified pockets was further assessed through an
in-depth analysis of the physicochemical properties of their crystallographic ligands [40].
For this analysis, ligands were classified by considering only those found exclusively in
a single pocket category (Figure 4d), discarding those shared across multiple categories
(e.g., ligands present in both allosteric-like and interface pockets). Comprehensive informa-
tion on all ligands identified within the detected pockets is available in Table S5 of the
Supporting Information.
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Figure 4. Examples of ligand-bound pockets showing specific binding regions where ligands interact
with the protein. (a) Interface pocket in green detected on the detached partner NRP1 (cyan cartoon)
in complex with VEGFA (orange cartoon) (PDB ID: 4deq). The detached partner NRP1 (dark cyan
cartoon) is complexed with compound R40 (yellow stick) (PDB ID: 5iyy). (b) Allostericlike pocket
in pink detected on the detached partner CTNNB1 (cyan cartoon) in complex with CTNNBIP1
(orange cartoon) (PDB ID: 1t08). The detached partner CTNNB1 (dark cyan cartoon) is complexed
with compound R9Q (yellow stick) (PDB ID: 7afw). (c) Equilibrium pocket in violet found in the
region between the FKBP1A and FKBP12–rapamycin-associated protein (MTOR) (PDB ID: 3fap)
with rapamycin analog ARD (yellow stick) interacting simultaneously with the complexed partners.
(d) Venn–Eulero diagram of crystallographic ligands found within interface, allosteric-like, and equi-
librium pockets. (e) PCA scores and loadings plots showing the crystallographic ligands found
within interface, allosteric-like, and equilibrium pockets. Ligands from interface pockets, such as 6K8,
are marked in green; equilibrium pocket ligands, such as Z7T, in purple; and allosteric-like pocket
ligands, such as 048, in pink. The lower right corner displays the PCA loadings plot, highlighting
descriptors related to shape/size as well as hydrophobicity and hydrophilicity. Explained variance:
PC1: 33.66%–PC2: 24.31%. (f) Pie chart reporting the classification of the clinical status of ligands
found in the different categories of pockets.
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Table 1. Top five occupied ligand pockets for each category (interface, allosteric-like, and equilibrium).

Interface pockets

n◦ X-ray ligands Liganded partner protein Interacting partner protein

16 Transforming protein RhoA Rho GTPase-activating protein 1

11 14-3-3 protein zeta/delta Mitogen-activated protein kinase kinase kinase 5

9 Proteasome subunit beta type-6 Proteasome subunit beta type-4

6 Neuropilin-1 Vascular endothelial growth factor A

4 Proliferating cell nuclear antigen DNA polymerase delta subunit 3

Allosteric-like pockets

n◦ X-ray ligands Liganded partner protein

177 Mitogen-activated protein kinase 14 -

126 Mitogen-activated protein kinase 1 -

60 Serine/threonine-protein kinase B-raf -

43 Fructose-1,6-bisphosphatase 1 -

35 Peptidyl-prolyl cis-trans isomerase FKBP1A -

Equilibrium pockets

n◦ X-ray ligands Liganded partner protein 1 Liganded partner protein 2

27 Transforming protein RhoA Rho guanine nucleotide exchange factor 12

23 Serine/threonine-protein kinase PAK 4 Cell division control protein 42 homolog

22 Proteasome subunit beta type-1 Proteasome subunit beta type-8

10 Transforming protein RhoA Rho GTPase-activating protein 1

10 Proteasome subunit beta type-4 Proteasome subunit beta type-6

Crystallographic ligands in these pockets share many properties, displaying a range
of molecular weights (32.04–1529.83 Da) and polarity (3.016 Å3–149.684 Å3). Notably,
equilibrium pocket ligands (Figure 4e, top right) tend to cluster in the PCA plot within a
region dominated by smaller and more polar molecules. These often exhibit a high “integy
moment” (vector pointing from the center of mass to the center of the hydrophilic regions),
which is a characteristic of ligands with hydrophilic regions concentrated on specific areas
of the molecular surface. These properties align well with those expected for modulators of
PPIs, molecular glues, and other molecules designed to interact across both partner surfaces
within PPIs. Ligands occupying the interface and the allosteric-like pockets, on the other
hand, share a common spatial region (Figure 4e, top and bottom left-hand side), further
demonstrating that PPI inhibitors possess characteristics closely aligned with those of
drug-like small molecules targeting more deeply buried pockets. To assess the therapeutic
relevance of ligands, we analyzed DrugBank [41] and ChEMBL [42] data, including ATC
codes (Table S6 of the Supporting Information). Among 667 crystallographic ligands,
17 (2.5%) were found to be in the approved category, mainly as antineoplastics (e.g., ixazomib,
vemurafenib, sorafenib). Additionally, 40 ligands are classified as clinical, with 18 classified
as potential antitumor agents. The remaining ligands were categorized as preclinical or
lacked available data (Figure 4f).

We analyzed ligandability across different cancer types, focusing on those with the
highest number of ligand-bound pockets. As shown in Figure 5a, efforts have primar-
ily targeted HNSC and LUSC, reflecting their high number of interactions and proteins.
Across all cancer types, allosteric-like pockets dominate, as they span various regions of
the protein rather than being confined to interaction interfaces. Interestingly, equilibrium
pockets contain more ligands than interface pockets (Figure 5a, violet vs. green bars),
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suggesting that many ligands bind at sites influenced by both interacting partners rather
than a single protein. To assess which cancers have ligand-bound 3D oncoPPIs, we calcu-
lated the percentage of interactions with at least one ligand at the interface (both interface
and equilibrium pockets, Figure 5b). Notably, STAD, KIRC, and UCEC show the highest
percentages, highlighting potential opportunities for targeting specific PPIs using existing
ligands, which could facilitate therapeutic interventions.

 

Figure 5. (a) Distribution of ligand-bound pockets across various cancer types. The y-axis shows
the number of ligand-bound pockets for each of the three pocket categories: interface (green bars),
allosteric-like (pink bars), and equilibrium (violet bars). (b) Data bar representing the percentage of 3D
oncoPPIs surfaces where at least one ligand-bound pocket was found, both with interface pocket and
with equilibrium pocket.

This analysis underscores a vast potential for drug design campaigns. Many targets
already have crystallographic ligands, and additional non-crystallographic ligands likely
exist in the literature.

Due to the immediacy of the mechanism of action of the interface and equilibrium
pockets, with the latter being slightly more ligandable than the interface (Figure 5a), we
consider these to be promising starting points for the design of antitumor drugs. Starting
from known ligands, optimization can be carried out using structure-based approaches, as
the pocket environment is well characterized through MIFs. Nevertheless, it is worth noting
the extensive availability of known ligands for allosteric-like pockets, which makes them
attractive starting points for PROTAC design. This strategy may also help overcome some
of the limitations of classical inhibitors, such as issues related to dosage and resistance.

2.5. Geometric and Energetic Anatomy of the 3D oncoPPI Pocketome

To investigate the physicochemical space of pockets identified in activated 3D on-
coPPIs, both ligand-bound and unbound, we calculated a series of descriptors to analyze
their anatomical features. The primary question we sought to address was whether ligand-
bound pockets share characteristics with those that are not bound to ligands. Such a finding
would suggest that there is significant untapped potential for drug design within these 3D
oncoPPIs, underscoring the necessity of further exploring and navigating this vast space.

The distribution of descriptors reveals that, for all three pocket categories, a significant
proportion of the discovered pockets share morphological features (such as shape rugosity
and globularity) with ligand-bound pockets (Figure S2). Moreover, an analysis of the
balance between hydrophobic and hydrophilic interactions unveils instances across all
pocket categories that exhibit similar anatomy to the ligand-bound pockets. An illustrative
case of this behavior is depicted in Figure 6, and relative GRID-based molecular descriptors
are summarized in Table 2.
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Figure 6. (a–c) Interface pocket of the PCNA protein dimer interaction (PDB ID: 1u76), with
a T2B ligand extracted from a holo structure (PDB ID: 3wgw) and the corresponding MIFs.
(b,d) Allosteric-like pocket on BRAF (PDB ID: 6u2h) and the corresponding MIFs. Protein and pocket
residues defining the pocket are displayed as cartoon and stick representations, respectively. The
ligand bound is displayed as grey stick representations. Hydrophobic, hydrogen bonding donor,
and hydrogen bonding acceptor MIFs are displayed as yellow, blue, and red surfaces, respectively.
The probes used are as follows: CRY for hydrophobic (energy threshold = −1.0 Kcal/mol), N1 for
hydrogen bonding donor (energy threshold = −4.5 Kcal/mol), and O for hydrogen bonding acceptor
(energy threshold = −4.5 Kcal/mol).

Table 2. Summary of computed MIF descriptors.

Pocket Rugosity Globularity Hydrophilic
Volume

Hydrophobic
Volume

Buried
Volume

Exposition to
Solvent

Ligand-bound interface PCNA 2.213 0.820 52.312 46.406 645.559 159.188

Allosteric-like BRAF 2.159 0.851 52.734 32.062 552.502 187.312
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The pocket at the interface of the proliferating cell nuclear antigen (PCNA) protein
dimer interaction (Figure 6a) is a well-known region for binding ligands, such as the T2
amino alcohol (T2AA) [43]. This pocket exhibits morphological and energetic characteristics
similar to an allosteric-like pocket (Figure 6b) on serine/threonine-protein kinase B-raf
(BRAF). The latter pocket has not yet been reported as ligand-bound in the PDB, and it
does not correspond to a well-known binding site in kinases [44]. Both pockets have a
volume of approximately 800 Å3. The values for rugosity, globularity, hydrophilic volume,
hydrophobic volume, solvent exposure, and buriedness are remarkably similar, as reported
in Table 2. Moreover, when analyzing the maps generated with MIFs [27], it is evident
that the spatial arrangement of the two pockets shares common features, such as a central
hydrophobic core and polar anchoring points (Figure 6c,d). This type of analysis can be
useful in identifying pockets that have not yet been studied as potential ligand-binding
sites but share characteristics with known ligand-binding pockets.

2.6. Hub Proteins and Hub Pockets in 3D oncoPPI Networks

Hub proteins, highly connected within PPI networks, are crucial regulators of cellular
processes and are often overexpressed in cancer, driving tumor growth and survival [45].
Their central role makes them key therapeutic targets, as inhibiting them could disrupt mul-
tiple oncogenic pathways simultaneously. In the context of cancer, analyzing hub proteins is
particularly important for several reasons, such as network robustness and vulnerabilities,
biomarker discovery, potential therapeutic targets, and resistance mechanisms.

In the following section, we identify hub proteins, defined as proteins interacting
with two or more partners, within the analyzed 3D oncoPPIs from a structural perspective,
highlighting their prevalence across various cancer types. We then focus on a specific hub
pocket, a key region directly contributing to network centrality.

Among 314 3D oncoPPIs, we identified 332 unique proteins. To assess their connec-
tivity, we calculated the total number of crystallographic interactions for each protein,
independent of cancer type (Figure 7a).

We define a hub protein as one that engages in two or more interactions (≥2) within
the 3D oncoPPI network. A total of 114 proteins are classified as hubs due to multiple
interactions in crystallographic structures, as listed in Table S7 of Supporting Information.
The remaining 218 proteins interact with only one partner. A key example is proliferating
cell nuclear antigen (PCNA), which interacts with 12 proteins and plays a vital role in DNA
replication. However, its interactions vary across cancer types (in HNSC, PCNA engages
with its full set of identified interactors, whereas in other cancers, its interaction network
is more restricted). This structural perspective emphasizes the structural complexity of
hub proteins and their potential as therapeutic targets. Other examples of hub proteins
include HIF1A (with 5 interactors in HNSC) and CCT7, which shows a variable number
of interactors across different cancer types (4 in LUSC, and 5 in both HNSC and COAD).
Information regarding ligands of hub proteins is available in Table S8.

We identified a variable number and diversity of crystallographic hub proteins across
different cancer types (Figure 7b), underscoring the distinct molecular landscapes that char-
acterize each cancer subtype. Some cancers exhibit a higher prevalence of multi-interacting
hub proteins, while others are dominated by proteins with fewer interactions. To provide
deeper insights, we present a detailed comparison of the number of crystallographic hub
proteins per cancer type, also distinguishing the number of interactors at their interfaces.
This distinction captures the structural and functional characteristics of these hubs. Notably,
some cancers, such as HNSC and LUSC, exhibit a higher number of hub proteins from a
crystallographic perspective. This variation highlights the diverse roles of PPIs in driving
oncogenesis across different cancers. From a structural perspective, 25 hub proteins also ex-
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hibit intrinsically disordered regions, which can interact with other proteins (Table S8), and
whose interactions are often regulated through conformational changes that occur upon
binding. Detailed information on crystallographic interactions, ligands, and disordered
regions for two example hub proteins—VCP and HIF1A—is provided in Figure S4. In the
case of the VCP protein, two interactions (VCP–VCP and VCP–FAF1) involve segments
of disordered regions that are crystallized in the corresponding PDB entries (Figure S4a).
Moreover, an allosteric-like pocket is bound to three ATP-like ligands (Figure S4b). In
contrast, in the case of HIF1A, the disordered regions are not crystallized in the available
PDB entries (Figure S4c), and therefore, it is not possible to assume that they are involved
in the PPIs. However, even in this case, the allosteric-like pocket is found to be bound to
two ligands (Figure S4d).

Figure 7. (a) Distribution of the number of interactors per protein. This histogram illustrates
the frequency of proteins based on the number of crystallographic interactors they engage with,
highlighting the distinction between single-interactor proteins and multi-interacting hub proteins
across the dataset. Network of the most populated 3D oncoPPI crystallographic hub (PCNA).
(b) Histogram of hub proteins per cancer type. Each bar represents the number of hub proteins
identified in each cancer type. The color gradient within the bars reflects the degree of connectivity,
ranging from hubs with fewer interactors (light green) to those with extensive interaction networks
(dark green).
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The diversity in hub protein behavior reflects the complexity of cancer biology. This
observation suggests that future studies could explore potential correlations between
these data and epidemiological trends or the aggressiveness of specific metastatic cancer
subtypes [46].

For each of the 12 cancer types, we constructed crystallographic network maps, where
nodes represent proteins and edges denote interactions (Figure 8). Node color and size
indicate the total number of pockets found on the protein and those specifically located at
interaction interfaces, respectively. Notably, the same protein can behave differently across
cancer types. Interaction maps vary significantly, from the sparser networks in PRAD
and KIRP to the more intricate ones in HNSC and LUSC. This variation reflects (a) the
availability of experimental data, (b) the number of crystallographic structures in the PDB,
and (c) the presence of accessible pockets for small-molecule binding. Our method identifies
buried regions with suitable physicochemical properties for ligand binding, making these
maps an invaluable “navigation tool” for guiding drug discovery efforts.

Discovery of a New Ligandable Hub Pocket on VCP

Valosin-containing protein (VCP), a key hub in multiple cancers (COAD, HNSC,
LUAD, LUSC, UCEC), regulates the ubiquitin-proteasome system and autophagy. It
interacts with ~40 known co-factors, directing its activity toward different substrates. Our
study identified five crystallographically resolved VCP co-factor interactions (ASPSCR1,
DERL1, FAF1, RHBDD1, UBXN7) with available pocket interfaces (Figure 9a). These
interactions are overexpressed in all five cancers, except for VCP-DERL1 in LUAD. Not
all VCP-mediated interactions are equally characterized. For example, no pockets were
detected in the VCP-AMFR complex, limiting potential drug targets (Figure 9a). In contrast,
pockets were identified on both partners in the VCP-DERL1 complex, opening avenues
for targeted drug design. This variable pocket presence across interactions highlights the
therapeutic potential of different sites within the VCP network.

Existing VCP inhibitors include ATP-competitive and allosteric molecules [47]. Our
study identified a previously unreported binding site located on the N-terminal domain,
distinct from ATP or allosteric binding sites (Figure 9a). This site was observed in both the
VCP hexamer (Figure 9b, dimer shown for clarity) and in the VCP-ASPSCR1 interaction
(Figure 9c). Notably, ASPSCR1 binding disrupts the VCP hexamer, forming a heterote-
tramer that inhibits VCP ATPase activity [48]. The newly identified site comprises two key
overlapping pockets: one involved in hexamer formation (Figure 9b) and another engaged
in the VCP-ASPSCR1 interaction (Figure 9c). Their spatial alignment (Figure 9d) suggests
that ASPSCR1 competes with VCP itself, specifically through its α-helical domain, which is
essential for hexamer dissociation. This spatial overlap supports the idea that this region
could be a prime target for developing new VCP modulators, potentially disrupting or
regulating dimerization-related functions. Interestingly, VCP adopts different conforma-
tions depending on the interacting partner, leading to distinct pocket shapes (Figure 9d).
This structural flexibility is crucial for drug design, as it enables selective engagement of
interaction-specific residues.
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Figure 8. Network representations of 12 cancer types. In each network, nodes represent proteins and
edges represent interactions. Node color reflects the total number of pockets (interface + allosteric-like):
yellow indicates few pockets, and purple indicates many pockets. Node size represents the number
of interface pockets, with larger nodes signifying a higher count of interface pockets. Node size is
scaled within each individual network and is not comparable across networks. Nodes with red labels
are proteins lacking interface pockets. Nodes without any shape indicate proteins with no pockets
(neither interface nor allosteric-like pockets).
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Figure 9. (a) The VCP interactors are represented in the VCP-centered network, highlighting partners
that show at least one pocket at the interface. ASPSCR1 interactor is depicted in yellow (left). VCP
hexamer is composed of different domains. One monomer is displayed in cyan cartoon. ATP binding
sites and allosteric binding sites are represented in black and dark grey spheres, respectively. The
new site identified in our analysis is represented in green spheres (right). (b) Interaction between the
two monomers of VCP (PDB ID: 4ko8), shown in purple and cyan cartoon, respectively. A pocket
identified at this interaction interface is illustrated as a dark green mesh. (c) Interaction between
VCP and ASPSCR1 (PDB ID: 5ifs), depicted in green and yellow cartoon, respectively. The identified
pocket on VCP interacting with ASPSCR1 is highlighted as a light green surface. (d) Overlap of the
two identified pockets on two different VCP interactions: the pocket involved in homodimerization
(represented as a dark green mesh) and the pocket mediating interaction between the monomer and
ASPSCR1 (depicted as a light green surface). Residues involved in these interactions are highlighted
in stick and line representation.

Furthermore, the pocket involved in the VCP-DERL1 interaction is located in a com-
pletely different region from the newly identified ASPSCR1-related pocket
(see Figure S3, Supporting Information). This underscores the functional and structural
versatility of hub proteins, which do not always rely on a single region for interacting with
different partners. In conclusion, by integrating 3D structural insights with network analy-
sis, our study highlights VCP as a highly connected hub with multiple ligandable pockets.
The newly identified site offers an exciting target for next-generation VCP inhibitors, paving
the way for innovative strategies in cancer therapeutics.

In some cases, however, promiscuous pockets are observed, as in the VCP example,
where the same binding site may accommodate different ligands or interactors. This
variability suggests that certain regions of these hubs might offer a broader scope for
drug design, potentially enabling the development of molecules that can target multiple
interactions or modulate diverse biological processes simultaneously.
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The concept of hub protein promiscuity has been critically examined in recent re-
search [49]. The authors argue that what appears as promiscuity is often a misinterpretation.
It is acknowledged that a single gene is frequently translated into several isoform proteins
and that post-translational modifications can take place. It was argued that the different
protein variants can be grouped into a single node in the interaction maps; this generates
the illusion of a single protein engaging in numerous interactions. In our study, we address
this issue by analyzing crystallographic structures of specific oncoPPIs and, above all,
by focusing on specific pockets involved in interactions, providing a more accurate and
detailed perspective on whether a given pocket is promiscuous or highly specific.

3. Materials and Methods
3.1. Protein Validation Set

A validation set was employed to assess the capability of the BioGPS algorithm in
correctly predicting known binding sites, as summarized in Table S1 of the Supporting
Information. A set of 15 PPI complexes related to cancer was obtained by extracting
data from the 2P2DIdb database, whereas a collection of 7 PROTAC POI structures was
manually selected by inspecting the PDB and consulting the literature [28,50]. The systems
preparation and pockets detection workflow are reported in the next section. The MCC
metric was calculated to compare the crystallographic residues with those sampled by
BioGPS, as previously reported [24]. A value of MCC of +1 indicates an ideal prediction; a
value of MCC of 0 indicates predictions no better than random; and a value of MCC of −1
indicates a complete disagreement between predicted and observed cases. All statistics are
reported in Table S1 of the Supporting Information.

3.2. oncoPPI Dataset

Gene names of activated oncoPPIs were collected from the supplementary material of
the study by Gulfidan et al. [8]. The gene names were mapped to UniProt identifiers using
the UniProt web service [51]. The resulting UniProt protein name pairs were matched with
Interactome3D [52] entries downloaded on 5 February 2024. Specifically, a curated, non-
redundant version of the Interactome 3D database was used, where only one representative
PDB structure is retained for each protein complex, ensuring a streamlined evaluation of
structural data. Once the PDB codes for the complexes were identified, the corresponding
structural files were downloaded directly from the PDB.

3.3. Protein Preparation

All the target proteins were first processed by employing the BioGPS tool (v. 24.01.5)
to prepare the input protein structures for further analysis. All nucleic acids, ligands,
crystallographic artifacts, and water molecules were removed, while the cofactors (e.g.,
NAD, FAD, GSH) were retained. Notably, only the two chains participating in the 3D
oncoPPIs were considered.

3.4. Pockets Detection

All the possible protein pockets were sampled by using BioGPS v. 24.01.5 [27], de-
veloped and licensed by Molecular Discovery Ltd. In summary, the protein structure is
positioned within a three-dimensional grid, where the level of burial at each point is calcu-
lated, factoring in hydrophobicity using the GRID DRY probe. Points that are sufficiently
buried and hydrophobic are grouped together, after which an erosion/dilation algorithm is
applied to smooth the identified pocket regions. Only those pockets that are large enough
to accommodate drug-like molecules are retained for further analysis.
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1. In the validation set, for each protein, the pockets were calculated: (i) on the inhibitor-
bound form, (ii) on the protein-bound form, or (iii) on the PROTAC-bound form. In
all cases of complexes with inhibitors, protein partners, or PROTACs, any binder was
previously extracted to find the cavity involved in the binding.

2. In the 3D oncoPPI datasets, the pockets were calculated on each individual partner
separately, by splitting the crystallographic complex (i.e., detached partner) and
by considering the entire complex (i.e., complexed partner). In the first case, each
individual chain representing the partner protein was used as input for BioGPS to
collect its pockets. In the second case, the original crystallographic complex of the
two chains was used as input for pocket detection.

3.5. Classification of Pockets in the 3D oncoPPI Dataset

The pockets identified in the oncoPPIs dataset were categorized into three distinct
categories based on their location and involvement in PPIs:

1. Interface pockets: these pockets were identified on individual (detached) protein
partners and are located in regions involved in PPIs. A pocket is classified as an
interface pocket if the fraction of volume of the interacting partner contained within
the pocket is greater than 0.

2. Allosteric-like pockets: these pockets were identified on individual (detached) protein
partners that do not correspond to any regions directly involved in PPIs.

3. Equilibrium pockets: these pockets were calculated by considering the whole crys-
tallographic complex and are located in regions that define the interaction inter-
face between the two protein partners. Specifically, for a pocket to be classified
as an equilibrium pocket, it must be composed of residues contributed by both
interacting partners.

3.6. Ligand-Bound Pockets

This step aimed to identify pockets belonging to the three mentioned categories (i.e.,
interface, allosteric-like, and equilibrium) containing pre-existing co-crystallized ligands in
PDB structures. For each partner protein in the 3D oncoPPI dataset, all PDB structures
corresponding to the same UniProt code were identified and downloaded. These structures
were then aligned using an in-house script based on PyMOL v2.5 [53]. Protein alignments
with an RMSD lower than 3.0 Å were excluded. Following alignment, all potential ligands
were extracted using BioGPS, excluding cofactors, metals, and crystallization artifacts. As a
result, ligands were aligned to the reference structures of each protein in the 3D oncoPPI
dataset. Subsequently, for each protein, the overlap between the volume of aligned ligands
and its identified pockets (i.e., interface, allosteric-like, and equilibrium) was calculated. A
pocket was defined as a “ligand-bound pocket” if this ratio exceeded 0.3, indicating that at
least 30% of the atomic structure of the aligned ligand resided within the pocket.

3.7. Ligands’ Physicochemical Properties

The ligand collection was initially profiled using VolSurf+ descriptors (v1.1.2) con-
sisting of a set of 128 molecular descriptors from 3D MIFs, which are particularly relevant
to ADME prediction and are also easy to interpret [20]. The generated multidimensional
descriptor space was then simplified by applying principal component analysis (PCA). This
reduction step facilitated the visualization and interpretation of the data while retaining the
most relevant features. All the statistical and descriptive analyses were carried out using
Rstudio v. 4.0.3.
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3.8. Ligands’ Classification

The collected ligands were categorized based on their clinical phase and, where avail-
able, their therapeutic classification. All ligands were initially searched in DrugBank [41].
A total of 150 ligands were identified with a DrugBank code and classified into three main
categories: approved, clinical, and preclinical. For ligands classified as approved, their ATC
codes were also recorded. For ligands classified as clinical, their potential therapeutic
and clinical trials were noted based on DrugBank web server information if available
(DrugBank group = Investigational). On the other hand, preclinical ligands are compounds
belonging to the DrugBank group flagged as experimental or nutraceutical. A total number
of 259 ligands, not found in DrugBank, were classified as clinical or preclinical based on
annotations available in ChEMBL v.35 [42]. A total of 258 ligands were categorized as
no_data because they were not annotated in either the DrugBank or ChEMBL databases.
For these compounds, the PubChem ID was recorded if available.

3.9. 3D oncoPPI Network

All PPIs were categorized based on their association with specific types of cancer.
For each protein, two key metrics were recorded: the number of interface pockets and the
number of allosteric-like pockets. These values were used as input for a network analysis
performed with Cytoscape (version 3.8.0) [54]. Within the network analysis, a protein was
defined as a hub if it was associated with two or more interacting partners, emphasizing its
centrality and potential importance in the interaction network.

3.10. Pockets Physicochemical Properties

Each pocket was analyzed using GRID probes (H, DRY, OH2, O, and N1) to assess
various types of interactions [26]. Specifically, the H probe was used for shape evaluation,
the DRY probe was used to identify hydrophobic interactions, the OH1 probe was used to
identify hydrophilic interactions, the O probe was used for hydrogen bond acceptor sites,
and the N1 probe was used for hydrogen bond donor interactions. A set of geometrical
and energetic descriptors was computed for the pocket collection using BioGPS software v.
24.01.5 [27], providing easily interpretable results.

■ Globularity: quantifies the degree of sphericity of the pocket. It is equal to
1.0 for perfect spherical objects, whereas it assumes values lower than 1.0 for real
spheroidal ones;

■ Rugosity: indicates the presence of molecular wrinkles or creases on the pocket
surface expressed as the ratio of volume to surface. The higher the ratio, the higher
the rugosity;

■ Hydrophobic volume: proportional to the number of points in the DRY field, filtered
to include only those with energy lower than −0.5 Kcal/mol;

■ Hydrophilic volume: proportional to the total number of points in the OH2 field,
considering only points with energy below −3.5 Kcal/mol;

■ Exposed to solvent: describes the surface of the pocket accessible to the solvent and
not in contact with protein residues. It is proportional to the external points in the H
field that are at least 2.2 Å away from the protein atoms;

■ Buried volume: measures the volume of points embedded within the protein cavity,
calculated by summing the “collisions” of 50 vectors intersecting with the protein
surface. Each “collision” adds to the buriedness, and the final value is an average of
all the values across all points. The reported value refers to the pocket points with
low buried volume.

All the statistical and descriptive analyses were carried out using Rstudio v2024.09.1 [55].
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4. Conclusions
This study investigates 3D protein–protein interactions (3D oncoPPIs) involved in

various cancers, focusing on protein pockets as critical regulatory sites. These pockets
are promising targets for modulating protein functions and guiding cancer therapy. To
support this, we developed a detailed database of essential protein regions linked to cancer
phenotypes, aiding drug design efforts.

Two main analyses were conducted: (a) identification of interface pockets essential
for modulator design, and (b) detection of surface pockets suitable for PROTAC-mediated
degradation. The in silico predictions showed 75% accuracy for known inhibitor sites
and 100% for PROTAC targets. Mapping 314 3D oncoPPIs revealed three pocket types:
248 interface, 2552 allosteric-like, and 812 equilibrium pockets.

Ligand-binding analysis showed that 11.29% of interface, 7.13% of allosteric-like, and
11.94% of equilibrium pockets are ligand-bound, providing a strong basis for drug develop-
ment. Ligands were classified by ATC code and clinical phase, highlighting therapeutic
potential. STAD, KIRC, and UCEC had the most ligand-bound interface pockets, suggesting
high suitability for targeted therapies. Clinical case studies on proteins like S100A1, HIF1α,
MTOR, NRP1, and CTNNB1 underscore the clinical relevance of these findings.

Physicochemical comparisons between bound and unbound pockets indicate a broader
ligandable space than currently explored. Examples like PCNA and BRAF suggest un-
tapped drug potential. Moreover, structural similarities across unrelated proteins, detected
via 3D molecular interaction fields (MIFs), further expand the targeting landscape. Finally,
analysis of hub proteins, such as VCP, revealed their central role in cancer PPI networks
and potential as drug targets.

This study introduces the first comprehensive reference of protein and pocket struc-
tures in 3D oncoPPIs, freely available to the scientific community for drug discovery
research at https://github.com/moldiscovery/OncoPPI-pocketome.

Future developments of this work will include an analysis of the impact of mutations
on both the shape and interactions of the pockets, as well as the inclusion of additional
cancer types, including hematologic malignancies such as leukemia, multiple myeloma,
and lymphoma. Finally, a three-dimensional analysis of intrinsically disordered regions
may offer further insights and avenues for development.

In conclusion, the insights gained from this analysis extend beyond cancer, positioning
our approach as a versatile and adaptable resource for prioritizing high-value therapeutic
candidates across a broad range of diseases.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ph18070958/s1. Figure S1: Structural and quantitative overview
of protein dimers, showing the distribution of interface and allosteric-like pockets in homodimers and
heterodimers; Figure S2: Density plots comparing physicochemical descriptors of all detected pockets
versus ligand-bound pockets across three pocket types; Figure S3: VCP hub protein and its interactors,
with a focus on the VCP–DERL1 interaction; Figure S4: Detailed information on crystallographic
interactions, ligands, and disordered regions for two example hub proteins.; Table S1: Validation
dataset; Table S2: Numbers of mapped protein–protein interactions (both activated and repressed);
Table S3: Numbers of the detected pockets, classified into the three categories for each cancer type;
Table S4: Percentages of residues from both partners that define an equilibrium pocket; Table S5: All
ligands identified within the detected pockets; Table S6: Comprehensive information on ligands
(clinical and therapeutic classification); Table S7: List of hub proteins; Table S8: Detailed information
of ligands and disordered regions of hub proteins

https://github.com/moldiscovery/OncoPPI-pocketome
https://www.mdpi.com/article/10.3390/ph18070958/s1
https://www.mdpi.com/article/10.3390/ph18070958/s1


Pharmaceuticals 2025, 18, 958 24 of 26

Author Contributions: Conceptualization, L.S., D.T., G.C. and O.N.; methodology, D.T. and L.S.;
software, G.M., D.T. and L.S.; validation, D.T. and L.S.; formal analysis, D.T., L.S. and G.M.; investi-
gation, D.T. and L.S.; resources, O.N. and G.C.; data curation, D.T. and L.S.; writing—original draft
preparation, L.S.; writing—review and editing, D.T., L.S., O.N. and G.C.; visualization, D.T. and L.S.;
supervision, L.S.; project administration, L.S., O.N. and G.C.; funding acquisition, O.N. and G.C. All
authors have read and agreed to the published version of the manuscript.

Funding: This work was supported by the Molecular Discovery Ltd.

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Files of proteins and pockets can be downloaded from https://github.
com/moldiscovery/OncoPPI-pocketome. The BioGPS (v. 24.01.5) and Volsurf+ (v1.1.2) software,
containing executables for pocket detection and descriptors computation, are available from https:
//www.moldiscovery.com, and trial licenses are available to both commercial and academic users.

Conflicts of Interest: Authors Gabriele Menna and Lydia Siragusa were employed by the company
Molecular Discovery Ltd. Author Lydia Siragusa was employed by the company Molecular Horizon
srl. The remaining authors declare that the research was conducted in the absence of any commercial
or financial relationships that could be construed as a potential conflict of interest.

References
1. Bray, F.; Laversanne, M.; Sung, H.; Ferlay, J.; Siegel, R.L.; Soerjomataram, I.; Jemal, A. Global Cancer Statistics 2022: GLOBOCAN

Estimates of Incidence and Mortality Worldwide for 36 Cancers in 185 Countries. CA Cancer J. Clin. 2024, 74, 229–263. [CrossRef]
[PubMed]

2. OECD. Tackling the Impact of Cancer on Health, the Economy and Society, OECD Health Policy Studies; OECD Publishing: Paris, France,
2024. [CrossRef]

3. Zhong, L.; Li, Y.; Xiong, L.; Wang, W.; Wu, M.; Yuan, T.; Yang, W.; Tian, C.; Miao, Z.; Wang, T.; et al. Small Molecules in Targeted
Cancer Therapy: Advances, Challenges, and Future Perspectives. Sig Transduct. Target. Ther. 2021, 6, 201. [CrossRef] [PubMed]

4. Chovanec, M.; Lauritsen, J.; Bandak, M.; Oing, C.; Kier, G.G.; Kreiberg, M.; Rosenvilde, J.; Wagner, T.; Bokemeyer, C.; Daugaard,
G. Late Adverse Effects and Quality of Life in Survivors of Testicular Germ Cell Tumour. Nat. Rev. Urol. 2021, 18, 227–245.
[CrossRef] [PubMed]

5. Sharifi Tabar, M.; Francis, H.; Yeo, D.; Bailey, C.G.; Rasko, J.E.J. Mapping Oncogenic Protein Interactions for Precision Medicine.
Int. J. Cancer 2022, 151, 7–19. [CrossRef]

6. Kamburov, A.; Lawrence, M.S.; Polak, P.; Leshchiner, I.; Lage, K.; Golub, T.R.; Lander, E.S.; Getz, G. Comprehensive Assessment
of Cancer Missense Mutation Clustering in Protein Structures. Proc. Natl. Acad. Sci. USA 2015, 112, E5486–E5495. [CrossRef]

7. Li, Z.; Ivanov, A.A.; Su, R.; Gonzalez-Pecchi, V.; Qi, Q.; Liu, S.; Webber, P.; McMillan, E.; Rusnak, L.; Pham, C.; et al. The OncoPPi
Network of Cancer-Focused Protein–Protein Interactions to Inform Biological Insights and Therapeutic Strategies. Nat. Commun.
2017, 8, 14356. [CrossRef]

8. Gulfidan, G.; Turanli, B.; Beklen, H.; Sinha, R.; Arga, K.Y. Pan-Cancer Mapping of Differential Protein-Protein Interactions. Sci.
Rep. 2020, 10, 3272. [CrossRef]

9. Du, Y.; Cai, M.; Xing, X.; Ji, J.; Yang, E.; Wu, J. PINA 3.0: Mining Cancer Interactome. Nucleic Acids Res. 2021, 49, D1351–D1357.
[CrossRef]

10. Lostao, A.; Lim, K.; Pallarés, M.C.; Ptak, A.; Marcuello, C. Recent Advances in Sensing the Inter-Biomolecular Interactions at the
Nanoscale—A Comprehensive Review of AFM-Based Force Spectroscopy. Int. J. Biol. Macromol. 2023, 238, 124089. [CrossRef]

11. Ha, T.; Fei, J.; Schmid, S.; Lee, N.K.; Gonzalez, R.L.; Paul, S.; Yeou, S. Fluorescence Resonance Energy Transfer at the Single-
Molecule Level. Nat. Rev. Methods Primers 2024, 4, 21. [CrossRef]

12. Kar, G.; Gursoy, A.; Keskin, O. Human Cancer Protein-Protein Interaction Network: A Structural Perspective. PLoS Comput. Biol.
2009, 5, e1000601. [CrossRef] [PubMed]

13. Xu, D.; Jalal, S.I.; Sledge, G.W.; Meroueh, S.O. Small-Molecule Binding Sites to Explore Protein–Protein Interactions in the Cancer
Proteome. Mol. BioSyst. 2016, 12, 3067–3087. [CrossRef] [PubMed]

14. Trisciuzzi, D.; Villoutreix, B.O.; Siragusa, L.; Baroni, M.; Cruciani, G.; Nicolotti, O. Targeting Protein-Protein Interactions with
Low Molecular Weight and Short Peptide Modulators: Insights on Disease Pathways and Starting Points for Drug Discovery.
Expert. Opin. Drug Discov. 2023, 18, 737–752. [CrossRef] [PubMed]

https://github.com/moldiscovery/OncoPPI-pocketome
https://github.com/moldiscovery/OncoPPI-pocketome
https://www.moldiscovery.com
https://www.moldiscovery.com
https://doi.org/10.3322/caac.21834
https://www.ncbi.nlm.nih.gov/pubmed/38572751
https://doi.org/10.1787/85e7c3ba-En
https://doi.org/10.1038/s41392-021-00572-w
https://www.ncbi.nlm.nih.gov/pubmed/34054126
https://doi.org/10.1038/s41585-021-00440-w
https://www.ncbi.nlm.nih.gov/pubmed/33686290
https://doi.org/10.1002/ijc.33954
https://doi.org/10.1073/pnas.1516373112
https://doi.org/10.1038/ncomms14356
https://doi.org/10.1038/s41598-020-60127-x
https://doi.org/10.1093/nar/gkaa1075
https://doi.org/10.1016/j.ijbiomac.2023.124089
https://doi.org/10.1038/s43586-024-00298-3
https://doi.org/10.1371/journal.pcbi.1000601
https://www.ncbi.nlm.nih.gov/pubmed/20011507
https://doi.org/10.1039/C6MB00231E
https://www.ncbi.nlm.nih.gov/pubmed/27452673
https://doi.org/10.1080/17460441.2023.2218641
https://www.ncbi.nlm.nih.gov/pubmed/37246811


Pharmaceuticals 2025, 18, 958 25 of 26

15. Pathmanathan, S.; Grozavu, I.; Lyakisheva, A.; Stagljar, I. Drugging the Undruggable Proteins in Cancer: A Systems Biology
Approach. Curr. Opin. Chem. Biol. 2022, 66, 102079. [CrossRef]

16. Kelm, J.M.; Pandey, D.S.; Malin, E.; Kansou, H.; Arora, S.; Kumar, R.; Gavande, N.S. PROTAC’ing Oncoproteins: Targeted Protein
Degradation for Cancer Therapy. Mol. Cancer 2023, 22, 62. [CrossRef]

17. Bai, L.; Zhou, H.; Xu, R.; Zhao, Y.; Chinnaswamy, K.; McEachern, D.; Chen, J.; Yang, C.-Y.; Liu, Z.; Wang, M.; et al. A Potent and
Selective Small-Molecule Degrader of STAT3 Achieves Complete Tumor Regression In Vivo. Cancer Cell 2019, 36, 498–511.e17.
[CrossRef]

18. Lee, G.T.; Nagaya, N.; Desantis, J.; Madura, K.; Sabaawy, H.E.; Kim, W.-J.; Vaz, R.J.; Cruciani, G.; Kim, I.Y. Effects of MTX-23, a
Novel PROTAC of Androgen Receptor Splice Variant-7 and Androgen Receptor, on CRPC Resistant to Second-Line Antiandrogen
Therapy. Mol. Cancer Ther. 2021, 20, 490–499. [CrossRef]

19. Chen, Y.; Ning, Y.; Bai, G.; Tong, L.; Zhang, T.; Zhou, J.; Zhang, H.; Xie, H.; Ding, J.; Duan, W. Design, Synthesis, and Biological
Evaluation of IRAK4-Targeting PROTACs. ACS Med. Chem. Lett. 2021, 12, 82–87. [CrossRef]

20. Hanafi, M.; Chen, X.; Neamati, N. Discovery of a Napabucasin PROTAC as an Effective Degrader of the E3 Ligase ZFP91. J. Med.
Chem. 2021, 64, 1626–1648. [CrossRef]

21. Yu, X.; Li, D.; Kottur, J.; Shen, Y.; Kim, H.S.; Park, K.-S.; Tsai, Y.-H.; Gong, W.; Wang, J.; Suzuki, K.; et al. A Selective WDR5
Degrader Inhibits Acute Myeloid Leukemia in Patient-Derived Mouse Models. Sci. Transl. Med. 2021, 13, eabj1578. [CrossRef]

22. Palomba, T.; Baroni, M.; Cross, S.; Cruciani, G.; Siragusa, L. ELIOT: A Platform to Navigate the E3 Pocketome and Aid the Design
of New PROTACs. Chem. Biol. Drug Des. 2023, 101, 69–86. [CrossRef] [PubMed]

23. Trisciuzzi, D.; Siragusa, L.; Baroni, M.; Autiero, I.; Nicolotti, O.; Cruciani, G. Getting Insights into Structural and Energetic
Properties of Reciprocal Peptide–Protein Interactions. J. Chem. Inf. Model. 2022, 62, 1113–1125. [CrossRef] [PubMed]

24. Trisciuzzi, D.; Siragusa, L.; Baroni, M.; Cruciani, G.; Nicolotti, O. An Integrated Machine Learning Model To Spot Peptide Binding
Pockets in 3D Protein Screening. J. Chem. Inf. Model. 2022, 62, 6812–6824. [CrossRef]

25. Farias, A.B.; Candiotto, G.; Siragusa, L.; Goracci, L.; Cruciani, G.; Oliveira, E.R.A.; Horta, B.A.C. Targeting Nsp9 as an Anti-SARS-
CoV-2 Strategy. New J. Chem. 2021, 45, 522–525. [CrossRef]

26. Goodford, P.J. A Computational Procedure for Determining Energetically Favorable Binding Sites on Biologically Important
Macromolecules. J. Med. Chem. 1985, 28, 849–857. [CrossRef]

27. Siragusa, L.; Cross, S.; Baroni, M.; Goracci, L.; Cruciani, G. BioGPS: Navigating Biological Space to Predict Polypharmacology,
off-Targeting, and Selectivity. Proteins 2015, 83, 517–532. [CrossRef]

28. Lu, H.; Zhou, Q.; He, J.; Jiang, Z.; Peng, C.; Tong, R.; Shi, J. Recent Advances in the Development of Protein-Protein Interactions
Modulators: Mechanisms and Clinical Trials. Signal Transduct. Target. Ther. 2020, 5, 213. [CrossRef]

29. Weng, G.; Li, D.; Kang, Y.; Hou, T. Integrative Modeling of PROTAC-Mediated Ternary Complexes. J. Med. Chem. 2021,
64, 16271–16281. [CrossRef]

30. Ignatov, M.; Jindal, A.; Kotelnikov, S.; Beglov, D.; Posternak, G.; Tang, X.; Maisonneuve, P.; Poda, G.; Batey, R.A.; Sicheri, F.; et al.
High Accuracy Prediction of PROTAC Complex Structures. J. Am. Chem. Soc. 2023, 145, 7123–7135. [CrossRef]

31. Chicco, D.; Tötsch, N.; Jurman, G. The Matthews Correlation Coefficient (MCC) Is More Reliable than Balanced Accuracy,
Bookmaker Informedness, and Markedness in Two-Class Confusion Matrix Evaluation. BioData Mining 2021, 14, 13. [CrossRef]

32. Tripathi, B.K.; Hirsh, N.H.; Qian, X.; Durkin, M.E.; Wang, D.; Papageorge, A.G.; Lake, R.; Evrard, Y.A.; Marcus, A.I.; Ramalingam,
S.S.; et al. The Pro-Oncogenic Noncanonical Activity of a RAS•GTP:RanGAP1 Complex Facilitates Nuclear Protein Export. Nat.
Cancer 2024, 5, 1902–1918. [CrossRef] [PubMed]

33. Song, D.; Liu, H.; Wu, J.; Gao, X.; Hao, J.; Fan, D. Insights into the Role of ERp57 in Cancer. J. Cancer 2021, 12, 2456–2464.
[CrossRef] [PubMed]

34. Wang, G.; Li, H.; Cui, X.; Xu, T.; Dong, M.; Li, S.; Li, X. S100A1 Is a Potential Biomarker for Papillary Thyroid Carcinoma Diagnosis
and Prognosis. J. Cancer 2021, 12, 5760–5771. [CrossRef]

35. Wu, D.; Zhang, R.; Zhao, R.; Chen, G.; Cai, Y.; Jin, J. A Novel Function of Novobiocin: Disrupting the Interaction of HIF 1α and
P300/CBP through Direct Binding to the HIF1α C-Terminal Activation Domain. PLoS ONE 2013, 8, e62014. [CrossRef]

36. Sun, Q.; Wang, B.-B.; Wei, W.; Huang, G.-C.; Liu, L.-L.; Chen, W.-W.; Wang, J.; Zhao, X.-Y.; Lu, L.; Fang, R.; et al. ITCH Facilitates
Proteasomal Degradation of TXNIP in Hypoxia-Induced Lung Cancer Cells. Thorac. Cancer 2022, 13, 2235–2247. [CrossRef]

37. Wang, X.; Ge, Y.; Shi, M.; Dai, H.; Liu, W.; Wang, P. Protein Kinase N1 Promotes Proliferation and Invasion of Liver Cancer. Exp.
Ther. Med. 2021, 21, 651. [CrossRef]

38. Diviani, D.; Raimondi, F.; Del Vescovo, C.D.; Dreyer, E.; Reggi, E.; Osman, H.; Ruggieri, L.; Gonano, C.; Cavin, S.; Box, C.L.; et al.
Small-Molecule Protein-Protein Interaction Inhibitor of Oncogenic Rho Signaling. Cell Chem. Biol. 2016, 23, 1135–1146. [CrossRef]

39. Kessler, D.; Mayer, M.; Zahn, S.K.; Zeeb, M.; Wöhrle, S.; Bergner, A.; Bruchhaus, J.; Ciftci, T.; Dahmann, G.; Dettling, M.; et al.
Getting a Grip on the Undrugged: Targeting β-Catenin with Fragment-Based Methods. ChemMedChem 2021, 16, 1420–1424.
[CrossRef]

https://doi.org/10.1016/j.cbpa.2021.07.004
https://doi.org/10.1186/s12943-022-01707-5
https://doi.org/10.1016/j.ccell.2019.10.002
https://doi.org/10.1158/1535-7163.MCT-20-0417
https://doi.org/10.1021/acsmedchemlett.0c00474
https://doi.org/10.1021/acs.jmedchem.0c01897
https://doi.org/10.1126/scitranslmed.abj1578
https://doi.org/10.1111/cbdd.14123
https://www.ncbi.nlm.nih.gov/pubmed/35857806
https://doi.org/10.1021/acs.jcim.1c01343
https://www.ncbi.nlm.nih.gov/pubmed/35148095
https://doi.org/10.1021/acs.jcim.2c00583
https://doi.org/10.1039/D0NJ04909C
https://doi.org/10.1021/jm00145a002
https://doi.org/10.1002/prot.24753
https://doi.org/10.1038/s41392-020-00315-3
https://doi.org/10.1021/acs.jmedchem.1c01576
https://doi.org/10.1021/jacs.2c09387
https://doi.org/10.1186/s13040-021-00244-z
https://doi.org/10.1038/s43018-024-00847-5
https://www.ncbi.nlm.nih.gov/pubmed/39528835
https://doi.org/10.7150/jca.48707
https://www.ncbi.nlm.nih.gov/pubmed/33758622
https://doi.org/10.7150/jca.51855
https://doi.org/10.1371/journal.pone.0062014
https://doi.org/10.1111/1759-7714.14552
https://doi.org/10.3892/etm.2021.10083
https://doi.org/10.1016/j.chembiol.2016.07.015
https://doi.org/10.1002/cmdc.202000839


Pharmaceuticals 2025, 18, 958 26 of 26

40. Tortorella, S.; Carosati, E.; Sorbi, G.; Bocci, G.; Cross, S.; Cruciani, G.; Storchi, L. Combining Machine Learning and Quantum
Mechanics Yields More Chemically Aware Molecular Descriptors for Medicinal Chemistry Applications. J. Comput. Chem. 2021,
42, 2068–2078. [CrossRef]

41. Knox, C.; Wilson, M.; Klinger, C.M.; Franklin, M.; Oler, E.; Wilson, A.; Pon, A.; Cox, J.; Chin, N.E.L.; Strawbridge, S.A.; et al.
DrugBank 6.0: The DrugBank Knowledgebase for 2024. Nucleic Acids Res. 2024, 52, D1265–D1275. [CrossRef]

42. Mendez, D.; Gaulton, A.; Bento, A.P.; Chambers, J.; De Veij, M.; Félix, E.; Magariños, M.P.; Mosquera, J.F.; Mutowo, P.; Nowotka,
M.; et al. ChEMBL: Towards Direct Deposition of Bioassay Data. Nucleic Acids Res. 2019, 47, D930–D940. [CrossRef] [PubMed]

43. Inoue, A.; Kikuchi, S.; Hishiki, A.; Shao, Y.; Heath, R.; Evison, B.J.; Actis, M.; Canman, C.E.; Hashimoto, H.; Fujii, N. A Small
Molecule Inhibitor of Monoubiquitinated Proliferating Cell Nuclear Antigen (PCNA) Inhibits Repair of Interstrand DNA Cross-
Link, Enhances DNA Double Strand Break, and Sensitizes Cancer Cells to Cisplatin. J. Biol. Chem. 2014, 289, 7109–7120. [CrossRef]
[PubMed]

44. Mingione, V.R.; Paung, Y.; Outhwaite, I.R.; Seeliger, M.A. Allosteric Regulation and Inhibition of Protein Kinases. Biochem. Soc.
Trans. 2023, 51, 373–385. [CrossRef] [PubMed]

45. Nithya, C.; Kiran, M.; Nagarajaram, H.A. Dissection of Hubs and Bottlenecks in a Protein-Protein Interaction Network. Comput.
Biol. Chem. 2023, 102, 107802. [CrossRef]

46. Hudock, N.L.; Mani, K.; Khunsriraksakul, C.; Walter, V.; Nekhlyudov, L.; Wang, M.; Lehrer, E.J.; Hudock, M.R.; Liu, D.J.; Spratt,
D.E.; et al. Future Trends in Incidence and Long-Term Survival of Metastatic Cancer in the United States. Commun. Med. 2023,
3, 76. [CrossRef]

47. Kilgas, S.; Ramadan, K. Inhibitors of the ATPase P97/VCP: From Basic Research to Clinical Applications. Cell Chem. Biol. 2023,
30, 3–21. [CrossRef]

48. Arumughan, A.; Roske, Y.; Barth, C.; Forero, L.L.; Bravo-Rodriguez, K.; Redel, A.; Kostova, S.; McShane, E.; Opitz, R.; Faelber, K.;
et al. Quantitative Interaction Mapping Reveals an Extended UBX Domain in ASPL That Disrupts Functional P97 Hexamers. Nat.
Commun. 2016, 7, 13047. [CrossRef]

49. Tsai, C.-J.; Ma, B.; Nussinov, R. Protein–Protein Interaction Networks: How Can a Hub Protein Bind so Many Different Partners?
Trends Biochem. Sci. 2009, 34, 594–600. [CrossRef]

50. Basse, M.-J.; Betzi, S.; Morelli, X.; Roche, P. 2P2Idb v2: Update of a Structural Database Dedicated to Orthosteric Modulation of
Protein-Protein Interactions. Database 2016, 2016, baw007. [CrossRef]

51. The UniProt Consortium UniProt: The Universal Protein Knowledgebase in 2025. Nucleic Acids Res. 2025, 53, D609–D617.
[CrossRef]

52. Mosca, R.; Céol, A.; Aloy, P. Interactome3D: Adding Structural Details to Protein Networks. Nat. Methods 2013, 10, 47–53.
[CrossRef]

53. Schrödinger, L.; DeLano, W. PyMOL. 2020. Available online: http://www.pymol.org/pymol (accessed on 1 June 2025).
54. Shannon, P.; Markiel, A.; Ozier, O.; Baliga, N.S.; Wang, J.T.; Ramage, D.; Amin, N.; Schwikowski, B.; Ideker, T. Cytoscape: A

Software Environment for Integrated Models of Biomolecular Interaction Networks. Genome Res. 2003, 13, 2498–2504. [CrossRef]
55. R Core Team. R: A Language and Environment for Statistical Computing; R Foundation for Statistical Computing: Vienna, Austria,

2024. Available online: https://www.r-project.org/ (accessed on 1 June 2025).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1002/jcc.26737
https://doi.org/10.1093/nar/gkad976
https://doi.org/10.1093/nar/gky1075
https://www.ncbi.nlm.nih.gov/pubmed/30398643
https://doi.org/10.1074/jbc.M113.520429
https://www.ncbi.nlm.nih.gov/pubmed/24474685
https://doi.org/10.1042/BST20220940
https://www.ncbi.nlm.nih.gov/pubmed/36794774
https://doi.org/10.1016/j.compbiolchem.2022.107802
https://doi.org/10.1038/s43856-023-00304-x
https://doi.org/10.1016/j.chembiol.2022.12.007
https://doi.org/10.1038/ncomms13047
https://doi.org/10.1016/j.tibs.2009.07.007
https://doi.org/10.1093/database/baw007
https://doi.org/10.1093/nar/gkae1010
https://doi.org/10.1038/nmeth.2289
http://www.pymol.org/pymol
https://doi.org/10.1101/gr.1239303
https://www.r-project.org/

	Introduction 
	Results and Discussion 
	Detection of Known oncoPPI Inhibitor and PROTAC Binding Pockets 
	3D Dataset of oncoPPIs 
	3D Protein Pocket Mapping: Development of the oncoPPI Pocketome 
	Interface and Allosteric-like Pockets on Detached Partner 
	Equilibrium Pockets on Complexed Partners 

	Ligandable Pockets for 3D oncoPPI Modulators and PROTAC Design 
	Geometric and Energetic Anatomy of the 3D oncoPPI Pocketome 
	Hub Proteins and Hub Pockets in 3D oncoPPI Networks 

	Materials and Methods 
	Protein Validation Set 
	oncoPPI Dataset 
	Protein Preparation 
	Pockets Detection 
	Classification of Pockets in the 3D oncoPPI Dataset 
	Ligand-Bound Pockets 
	Ligands’ Physicochemical Properties 
	Ligands’ Classification 
	3D oncoPPI Network 
	Pockets Physicochemical Properties 

	Conclusions 
	References

