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Drug resistance is a major cause of tumor mortality. Signaling networks became useful tools for driving phar-
macological interventions against cancer drug resistance. Signaling datasets now cover the entire human cell.
Recently, network adaptation became understood as a learning process. We review rapidly increasing evidence
showing that the development of cancer drug resistance can be described as learning of signaling networks.

epidrugs . . e .
epithelial-mesenchymal transition During dr1.1g adaptatl.on, the network forgfets drug-affected pathways by des.ensmzatlon and relearns by
resistome strengthening alternative pathways. Thus, resistant cancer cells develop a drug resistance memory. We show that

all key players of cellular learning (i.e., IDPs, protein translocation, microRNAs/IncRNAs, scaffolding proteins
and epigenetic/chromatin memory) have important roles in the development of cancer drug resistance. More-
over, all of them are central components of the epithelial-mesenchymal transition leading to metastases and
resistance. Phenotypic plasticity was recently listed as a hallmark of cancer. We review how network plasticity
induces rare, pre-existent drug-resistant cells in the absence of drug treatment. Key network methods assessing
the development of drug resistance and network pharmacological interventions against drug resistance are
summarized. Finally, we highlight the class of cellular memory drugs affecting cellular learning and forgetting,
and we summarize current challenges to prevent or break drug resistance using network models.

activation of alternative signaling pathways (by post-translational
modifications, by changes both in protein/microRNA/long noncoding

1. Introduction

Cancer is one of the foremost causes of mortality globally. The
American Cancer Society estimated 4 new cases and 1 death from cancer
in every minute in 2024 in the USA alone [1]. Drug resistance continues
to be the principal limiting factor in curing cancer patients. Emergence
of resistance often leads to the development of a more invasive type of
tumor and metastases. Thus, prevention or circumvention of drug
resistance is a key task of modern anticancer pharmacology. Drug
resistance often occurs by decreased drug uptake/increased drug efflux
[2], by mutations in drug target(s) [3,4], by disruption of cell cycle ar-
rest and/or apoptosis [2,5] and, importantly, by restoration of cell
proliferation [5]. Important contributors to these processes are: 1.)

RNA (IncRNA) levels and in chromatin structure as well as by muta-
tions); 2.) genomic instability leading to increased mutagenesis; 3.)
changed alternative splicing and 4.) increased cellular noise [6-11].
Molecular networks of individual cells are mainly built from protein-
protein interaction (PPI) networks (interactomes). In interactomes,
network nodes are proteins and network edges are their physical con-
nections. A significant part of human PPI networks participates in signal
transduction by forming signaling networks (signalomes), which include
several noncoding RNAs, such as microRNAs or IncRNAs. Nodes of gene
regulatory networks are proteins (e.g. transcription factors, final protein
products, epigenetic regulators, etc.), DNA segments and RNAs (such as
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mRNAs). Genetic interaction networks are also used, where nodes are
products of gene transcription and edges are correlations between their
expression levels. Finally, nodes of metabolic networks are small
metabolite molecules (such as oxaloacetate, citrate, etc.) and their edges
are chemical reactions (associated with specific enzymes catalyzing the
process) which convert metabolites to each other [5,12,13].

We focus on signaling networks, since they are involved in targeted
anticancer therapy design the most. Recently, a number of signaling
network datasets became available which now cover a large part or the
entire human proteome [4,14-18]. Recent findings indicated that
signaling networks are able to learn (i.e. produce a faster, stronger and
more stable signal after a stimulus is repeated a few times). Networks
learn by increasing the strength of the interactions between their com-
ponents (a process, which is similar to the well-known Hebbian
learning (see Glossary) of neuronal connections) and by network
reconfiguration [19-29]. Examples of connection strength increases
during cellular learning include the transient conformational memory
of intrinsically disordered proteins (IDPs), protein translocation and
increased microRNA or IncRNA levels. Epigenetic memory, chromatin
memory and scaffolding proteins of signaling cascades are major
contributors to connection strength (i.e. network edge weight)
enhancement of signaling networks. Learning of individual cells builds
cellular memory. Reconfiguration of the memory of healthy cells may
lead to tumor transformation. Similarly, loss of cellular memory
(cellular forgetting often involving pathway desensitization corre-
sponding to the anti-Hebbian learning of neuronal cells) may lead to
dedifferentiation, which may open the way to metastasis or cancer stem
cell formation [19-27].

We first summarize the key changes in the structure of single cancer
cell signaling network during drug resistance development. Next, we
show how learning, memory formation and forgetting of the signaling
network contribute to cancer drug resistance. We highlight the role of
network robustness and network plasticity. We list key examples of
network methods assessing drug resistance development. Finally, we
conclude with the pharmacological possibilities of preventing or
combating cancer drug resistance using network pharmacology and
cellular memory drugs, i.e. drugs or drug combinations based on
cellular learning or cellular forgetting.

2. Network structure changes in drug resistance development

Network modules, i.e. groups of network nodes which are more
densely connected with each other than to their neighborhood, are key
components of network structure. Disease modules utilize the fact that
proteins associated with the same disease (like various types of cancer)
tend to be co-localized in the same neighborhood of PPI networks [30].
A recent work from the group of Albert-Laszlo Barabdsi added microRNA
and IncRNA connections to protein-protein interactions, thus extending
the human PPI network size by 46 % and adding 132 novel disease
modules to the original 505 [31].

Drug resistance associated modules of PPI networks are often called
resistomes. The word resistome was originally coined for segments of
bacterial PPI networks containing proteins overexpressed in antibiotics-
resistant bacteria. However, the term was also expanded to several sub-
networks of the human PPI network centered around key components of
cancer drug resistance development, such as focal adhesions (including
e.g. aVpl-integrin and the focal adhesion kinase, FAK [32]); the
mammalian target of rapamycin (mTOR [33]); nuclear factor-kappa B
(NFkB [34]) or hypoxia-inducible factor (HIF [35]).

Network modules highlight an important role of the neighborhood of
key signaling components and drug targets participating in drug resis-
tance development. Network neighbors of cancer related proteins have a
key role in cancer pathogenesis [36]. Driver mutations of cancer pro-
gression are neighbors of signature genes, whose expression can be used
as a prognostic marker of metastasis and survival of breast tumors [37].
Neighbor-targeting was suggested as a key drug design strategy,

Biomedicine & Pharmacotherapy 183 (2025) 117880

especially in late-phase cancers [12].

Signaling network modules often encode signaling pathways and
their associated scaffolding proteins. Re-directing signaling from those
signaling routes which became blocked by an anticancer drug (e.g. re-
ceptor tyrosine kinases/growth factor receptors by their inhibitors) to
alternative pathways is a frequent mechanism of drug resistance
development [38]. While the MAPK/PI3K (mitogen-activated protein
kinase/phosphoinositide 3-kinase) core pathway operates mainly in
differentiated cells, the Hippo-WNT-Notch-Hedgehog MYC-inducing
core pathways are more characteristic to stem cells. Blocking one core
pathway usually activates the other and develops drug resistance.
However, as an example, the combination therapy applying PI3K/AKT
inhibitors together with the WNT/f-catenin pathway blocker, Tankyrase
repressed the growth of PI3K/AKT inhibitor-resistant colon cancer [7,
11]. We will detail network-based pharmacological interventions
against drug resistance in Section 6.

3. Learning, memory and forgetting of signaling networks in
drug resistance

Cancer cells learn to survive in the presence of anticancer drugs. In
this process, they ’forget’ (i.e. desensitize, down-regulate, avoid,
circumvent) a number of usual pathways which are affected by the drugs
[27]. Consequently, cancer cells relearn to upregulate, activate alter-
native pathways and develop resistance memory [39-42]. In this sec-
tion, we summarize the major signaling mechanisms of these processes.

3.1. Cellular learning and memory mechanisms in drug resistance
development

As we summarized in Section 1, cellular learning and formation of
single-cell memory involves IDPs, protein translocation, scaffolding
proteins, increased microRNA/IncRNA levels, as well as epigenetic and
chromatin memory [19,21-28] (Fig. 1). As examples of the many, MYC
and the focal-adhesion-associated paxillin are two key IDPs involved in
the development of drug resistance [43]. Inhibitors of ERK (extracellular
signal-regulated kinase) nuclear translocation emerged as potential
agents against drug resistance [44]. Various scaffolding proteins, such as
B-arrestin [45], caveolin-1 [46], CAS (Crk-associated substrate) family
proteins [47] as well as fibroblast-growth factor receptor substrate 2
(FRS2) and C2-domain containing protein 1 A (CC2D1A) [48] are
involved in resistance development against anticancer drugs blocking
the MAPK/WNT/p-catenin, PI3K/AKT, estrogen receptor-related or
ALK (anaplastic lymphoma kinase) pathways.

Both microRNAs and IncRNAs play a key role in drug resistance
development [9,49,50]. MicroRNAs are small noncoding RNAs (18-22
nt in length) that act as negative regulators of gene expression through
the modulation of multiple target mRNAs and by inhibition of trans-
lation. The microRNAs miR-15b, miR-16, miR-22, miR141 and miR-495
participate in the development of chemotherapy resistance [9,49].
MicroRNAs act through multiple pathways, including 1.) cell cycle and
proliferation control (e.g. miR-224); 2.) survival and/or apoptosis
pathways; 3.) DNA repair; 4.) drug targets; 5.) drug transporters (such as
the adenosine triphosphate-binding cassette, ABC, transporter pro-
teins); 6.) drug metabolism (e.g. miR-24; miR-508-5p) and 7.) the
epithelial-mesenchymal transition (EMT; e.g. miR29c, miR146b,
miR-200 and miR-224) [9,49,51]. MicroRNAs (such as miR-34,
miR-125b, miR140 and miR215) also play a role in conveying drug
resistance to cancer stem cells [49]. Thus, microRNAs act at almost all
steps of cellular memory development.

LncRNAs are mRNA-like transcripts from 0.2 to ~100 kb in length
that lack characteristic open reading frames. LncRNAs modulate drug
metabolism (e.g. H19 and HOTAIR IncRNAs), increase drug efflux (e.g.
PVT1, MRUL and MALAT1 IncRNAs), inhibit apoptosis (e.g. ERIC,
PDAM, PCGEM1 and CUDR IncRNAs) and activate EMT (e.g. CCAT1 and
MALAT1 IncRNAs [50]). LncRNAs (e.g. the XIST, LARRPM, LINC-PINT
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Fig. 1. Learning of signaling networks during the development of cancer drug resistance. a.) Several key proteins of drug resistance development, such as MYC
and paxillin, are IDPs contributing to cellular memory formation by their conformational memory. b.) MicroRNAs (interacting with the cell cycle, survival/apoptosis
signaling, DNA repair, drug targets, drug transporters/ABC proteins and EMT) and IncRNAs (interacting with e.g. DNA-methyltransferases and ten-eleven trans-
location, TET dioxygenases) play an important role both in cellular learning and emergence of drug resistance. c.) Scaffolding proteins (such as p-arrestin, caveolin-1,
CAS family proteins, fibroblast growth factor receptor substrate 2 (FRS2) or C2-domain containing protein 1 A (CC2D1A) are also involved both in learning of
signaling networks and in increased drug resistance. d.) Finally, epidrugs, i.e. inhibitors of chromatin memory proteins such as DNA methyltransferase (DNMT),
histone deacetylase (HDAC), histone methyltransferase and histone methylase (both abbreviated as HMT) were successfully used against drug resistance develop-
ment. Ac = acetyl group. Me= methyl group. e.) All these four mechanisms of cellular memory formation (i.e. IDPs, microRNAs/IncRNAs, scaffolds and chromatin
memory) are involved in epithelial-mesenchymal transition, which often accompanies drug resistance development. f.) Drug resistance development mechanisms
reconfigure signaling pathways using connection strength increases and decreases corresponding to Hebbian learning (cellular memory formation), and anti-Hebbian
learning (targeted cellular forgetting) at the signaling network level, respectively. Created with Biorender.com.

and WT1 IncRNAs) interact with ten-eleven translocation (TET) dioxy-
genases [52]. Several IncRNAs (e.g. the MIAT, LINP1, SNHG7 and
HOTAIR IncRNAs) interact with DNA methyltransferases [52]. LncRNAs
redirect chromatin remodeling complexes [49]. Thus, IncRNAs modu-
late nuclear reprogramming and the development of chromatin
memory.

Epidrugs, i.e. inhibitors of epigenetic modifying proteins, which
induce epigenetic inheritance, such as DNA methyltransferase, histone
deacetylase, histone methyltransferase and histone methylase were
successfully used in combination with standard-of-care drugs to prevent
or delay the development of drug resistance [8,9,25,53]. All these
epigenetic modifications are involved in the development, maintenance
and erasure of chromatin memory.

3.2. Interplay between cellular memory mechanisms in drug resistance
development

Cellular memory mechanisms do not work independently from each
other, but form a large network, and are in a continuous interplay.
MicroRNAs and IncRNAs already form a network, where IncRNAs
upregulate microRNA expression in several types of cancer (e.g.
LINC00114 upregulates microRNA-133b in colorectal cancer, HOTAIR
upregulates microRNA-141 in glioma, and HOXA11-AS upregulates
microRNA-200b in non-small cell lung cancer), which leads to increased
cell proliferation and tumor growth [52]. LncRNAs modify both

chromatin memory and epigenetic changes [49,50,52]. MicroRNAs,
IncRNAs and the chromatin are regulated by, and also modify, the
signaling network [9,49,50,52], which contains IDPs, scaffolding pro-
teins and themselves (Fig. 2).

3.3. Drug resistance development as forgetting and relearning of cancer
cells

In summary, all the key players of cellular learning and cellular
memory formation (i.e. IDPs, protein translocation, microRNAs/
IncRNAs, scaffolding proteins and epigenetic/chromatin memory) play
an important role in the development of cancer drug resistance. More-
over, all of them are central components of EMT, a crucially important
cellular transformation that leads to cancer metastases and accompanies
the development of drug resistance [19,51,54,55]. Thus, cancer cells
mobilize their entire network structure to learn survival during cancer
progression. This view is in agreement with that of Shomar et al. [56],
who described cancer progression as a learning process. Cancer cells
reconfigure their cellular memory [26,28] through cellular forgetting
and relearning [27] during drug resistance development. Drug resis-
tance can be regarded as a form of habituation (i.e. a decrease of the
response level to at least 50 % of the original response after a too
frequently repeated stimulus—a concept used in neuronal learning
processes [23,26]). Mechanisms of drug resistance development involve
a reconfiguration of signaling pathways with both connection strength



D. Keresztes et al.

Biomedicine & Pharmacotherapy 183 (2025) 117880

chromatin memory;
epigenetic memory

downregulated
drug-affected
pathways

upregulation
IncRNAs /-\ microRNAs
(e.g. LINCOO114 (e.g. miR-133
HOTAIR MiR-141
HOXA11-AS) miR-200b)

%%fﬁ
=

increased cell

proliferation,
upregulated 11 ’ tumor growth,
alternative drug resistance
pathways

signaling network
(including pathways, IDPs,

scaffolding proteins, IncRNAs,

microRNAs and the chromatin)

Fig. 2. Interplay between cellular memory mechanisms in drug resistance development. Cellular memory mechanisms create a rich interaction network with
each other. LncRNAs and microRNAs form a network, where IncRNAs upregulate microRNA expression in several types of cancer (e.g. LINC00114 upregulates
microRNA-133b in colorectal cancer, HOTAIR upregulates microRNA-141 in glioma and HOXA11-AS upregulates microRNA-200b in non-small cell lung cancer),
which leads to increased cell proliferation, tumor growth and drug resistance. LncRNAs modify both chromatin memory and epigenetic changes. MicroRNAs,
IncRNAs and the chromatin are regulated by, and also modify, the signaling network containing downregulated drug-affected signaling pathways, upregulated
alternative pathways, intrinsically disordered proteins (IDPs), scaffolding proteins, as well as IncRNAs, microRNAs and the chromatin themselves. miR = microRNA.

Created with Biorender.com.

(i.e. network edge weight) increases and decreases. Connection strength
increases correspond to Hebbian learning (cellular memory formation
[19]). Connection strength decreases correspond to anti-Hebbian
learning (targeted cellular forgetting [27]). Thus, signaling networks
both forget, and relearn during drug resistance development using a
number of mechanisms, including the desensitization of drug-affected
pathways, upregulation of alternative pathways, feedback loops,
(often microRNA-based) feedforward loops, chromatin memory and
consequent, stabilizing mutations [7,11,39-42]. We note that more
complex patterns of memory than loop-structures (such as multiple
feedback loops or concatenated feedforward loops) also often occur in
networks [22,23,28,29], and networks may also develop memory
through their recurring dynamic states without consolidating a specific
structural pattern [23]. All these processes lead to the development of
drug resistance memory [39-42,57,58] (Fig. 3; see also Section 4.).

4. Network plasticity as an inducer of drug resistance

Phenotypic plasticity of cells was recently incorporated as a hallmark
of cancer [59], and it induces drug resistance [60]. Plasticity of the
epithelial-mesenchymal transition is an important mark of its contri-
bution to cancer metastasis [61]. Network plasticity, i.e. the ability of
fast network reconfigurations as a response to external stimuli, and
network robustness are both increased in cancer cells, which leads to the
appearance and maintenance of dynamically changing cellular hetero-
geneity [39,60,61]).

4.1. Network plasticity in the development of an early, rare drug-resistant
cell population

Adaptation of the signaling network induces acquired resistance in
the whole cell population. However, network plasticity helps the
emergence of intrinsic drug-resistance in a rare subpopulation
(approximately one of 3000 cells) of cancer cells even in the absence of
drug treatment. Moreover, this transient drug-resistant state may
become stabilized and live through two to six generations of dividing
cancer cells. Dynamic and long-lived, rare but coordinated fluctuations
in gene expression (including long transcriptional bursts) are major
sources of pre-existent drug-resistant cells. These and other sources of
noise (such as the fluctuating protein conformations of IDPs or higher
chromatin accessibility) are crucially important to raise cellular het-
erogeneity (including pre-existent drug-resistant cells) in cancer cell
populations [24,25,42,57,58,62]. These pre-existent drug-resistant cells
have been shown to become often dormant, reducing their proliferation
rate, which helps their initial escape from several anticancer drugs tar-
geting cell division mechanisms [56]. In breast cancer cells treated by
protein kinase/phosphatase inhibitors, the signaling network has been
shown to become heterogeneously resistant to the drug, which shows an
important sign of network plasticity [63]. Importantly, network plas-
ticity and the relatively high noise of cancer cells themselves re-induce
the drug dependent state, if the drug administration is ceased. This is the
reason why re-sensitization to a repeated drug challenge occurs, and
why ’drug holiday’ became an important treatment option for cancer
patients [64,65] (see Section 6.1.).
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Fig. 3. Forgetting and relearning of signaling networks during cancer drug resistance development. Cancer cells reconfigure their cellular memory through
cellular forgetting and relearning during drug resistance development. This process involves the reconfiguration of the signaling network with both connection
strength increases and decreases corresponding to Hebbian learning (cellular memory formation) and anti-Hebbian learning (targeted cellular forgetting), respec-
tively. Forgetting and relearning mobilizes a number of mechanisms, including the desensitization of drug-affected pathways, upregulation of alternative pathways
feedback loops, (often microRNA-based) feedforward loops, chromatin memory and consequent, stabilizing mutations. We note that more complex patterns of
memory than loop-structures (such as multiple feedback loops or concatenated feedforward loops) also often occur in networks, and networks may also develop
memory through their recurring dynamic states without consolidating a specific structural pattern. These lead to the development of drug resistance memory.

Created with Biorender.com.

4.2. Drug-resistant cell plasticity induced by the tumor microenvironment

Tumor microenvironment increases the plasticity of cancer cells,
which helps the emergence of their drug-resistant phenotype [66]. As an
important example of this process, cancer-associated fibroblasts increase
the plasticity of tumor organoids, i.e. 3D multicellular clusters derived
from patient tumors. A crucial part of this transition is the shift from a
proliferative state to a slow-cycling, dormant state, which protects
cancer cells from chemotherapy [67]. Tumor microenvironment helps
the metabolic reprogramming of cancer cells, which leads to an
enhanced plasticity of the epithelial-mesenchymal transition [68]. Due
to the hypoxic environment, cancer cells lose the oxidative phosphory-
lation in their mitochondria. However, after their
epithelial-mesenchymal transition, they may regain oxidative phos-
phorylation (increasing their metabolic plasticity, as well as helping
their motility and drug resistance) by receiving mitochondria from
surrounding mesenchymal stem cells [69]. Tumor microenvironment
also helps the activation of stemness pathways, which leads to cancer
stem cell formation [70]. Cancer stem cells have an extremely plastic
network structure [71]. Importantly, cancer cells also increase the
plasticity of their neighbors, such as that of tumor-associated macro-
phages, which leads to macrophage-myofibroblast and
macrophage-neuron transitions [72]. By increasing the plasticity of their
neighborhood, cancer cells convert their surrounding environment to a
supportive niche [73].

4.3. Resistance memory: stabilization of the early, drug-resistant state

The network plasticity-induced, pre-existent, rare drug-resistant
state may acquire a long-lasting stability and may generally charac-
terize (almost) the entire cancer cell population after a (longer) drug
treatment. Such resistance-stabilization is helped by a number of
mechanisms inducing resistance memory of cancer cells. Multiple layers
of feedback loops play an important role in the development (e.g. by
positive feedback loops) and maintenance (e.g. by negative feedback
loops or by microRNA-based feedforward loops) of cellular resistance
memory [39-42]. Chromatin memory is also an important contributor
to resistance memory development [57,58]. Resistance memory be-
comes stabilized in several cell generations by mutations, which may
also induce cancer stem cell formation [42,57]. Signaling memory is
robust to noise. Lowered noise (by e.g. tissue integration of previously
migrating drug-resistant cancer cells) helps the maintenance of the
drug-resistant state. However, in a few cases (especially in high stress
conditions, and in cancer cells having a gradual kill curve needing
higher drug levels), noise may also increase the development of resis-
tance memory [39,42].

4.4. Network robustness in drug resistance development

The seminal paper of Hiroaki Kitano [39] on cancer as a robust system
defined network robustness as an ability of cellular adaptation
(learning), as well as tolerance of fluctuations in protein-protein in-
teractions and stochastic noise (of e.g. transcriptional and translational
processes). Robustness of molecular networks is enhanced by feedback
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controls, redundancy (i.e. the property that functionally equivalent
network parts, such as signaling pathways can substitute each other) and
network modularity (i.e. separation of network groups from each other
to prevent the spread or amplification of local perturbations). Cancer
cells display an increased robustness, which is enhanced by multiple
layers of feedback loops and genomic instability, as well as by cellular
heterogeneity [39]. Cellular heterogeneity leads to various interactions
between tumor cell types, stromal cells, the extracellular matrix, im-
mune cells and the vasculature increasing the robustness further [39].
Protein-protein interaction and gene regulatory networks of cancer cells
have higher robustness than those of healthy cells [40].

Networks with an onion structure (i.e. a structure having a dense,
central core of network nodes surrounded by consecutive layers of more
and more peripheral nodes, where intra-layer connections are denser
than inter-layer connections) was shown to be much more robust both to
attacks of its hubs (i.e. nodes having the highest number of neighbors) or
of randomly selected nodes [74]. Core/periphery network structures
with distinct peripheral network modules weakly attached to the
network core but not to other peripheral node groups were also shown to
display a high robustness [75]. It is an open question whether such onion
or other core/periphery structures play a role in drug resistance
development.

Key publications from Laszl6-Albert Barabasi and his group described
network controllability, where a few nodes direct networks to a desired
state (i.e. from cell proliferation to apoptosis) [76], as well as network
resilience (i.e. the ability of networks to adjust their structure to retain
functionality when errors, failures and environmental changes, such as
cancer drug treatments occur [77]). However, until now, neither
controllability nor network resilience changes were calculated for can-
cer cells acquiring drug resistance. As a first step of these investigations,
the important contributions from Michael Levin and colleagues [22,23,
26,29] showed that transcriptional networks possess memory (which
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increases during differentiation), and are more controllable to break
habituation (which corresponds to drug resistance development) than
random pairs.

5. Network methods assessing the development of drug
resistance

Structural analysis of protein-protein interaction networks extended
with microRNAs and IncRNAs revealed the existence of disease modules,
i.e. densely connected groups of network nodes associated with e.g.
several types of cancer [31]. Drug resistance-associated network mod-
ule analysis identified e.g. SPTBN1 (a cytoskeletal component of the
spectrin family), LSMP1 (a protein protecting the lysosomal membrane
against hydrolysis), miR-92a, miR-124 and additional 17 microRNAs, as
well as the IncRNAs UCA1, GAS5 and LINC-ROR as drug resistance-
—associated proteins or noncoding RNAs, respectively [49,78,79].
Assessment of drug resistance development requires the comparison of
two or more network structures of the drug-sensitive and the (increas-
ingly) drug-resistant cells. This is usually performed by machine
learning methods or by network common component analysis. These
methods identified e.g. the keratin gene family (KRT5, KRT6A, KRT13,
KRT14 and KRT15) as proteins involved in the development of gefitinib
and erlotinib resistance, as well as the histone deacetylase inhibitor
trichostatin A as a candidate adjuvant for the prevention/reversion of
docetaxel resistance [53,80] (Table 1).

Since the function of signaling networks is crucially linked to the
transmission of perturbations, methods related to network dynamics
became increasingly important to analyze the development of drug
resistance. However, the assessment of network dynamics is computa-
tionally costly. Therefore, initially only relatively small (up to a few
dozen nodes) dynamic signaling networks were examined, where
Boolean dynamics were often applied. Boolean dynamics use activating

Table 1
Network methods assessing the development of drug resistance.
Method’s name Network Cancer type Brief description Ref.
Methods assessing network structure
Disease module PPI + microRNA + IncRNA Various Determination of local network modules of disease-associated gene [31]
products
Gene coexperession network Hepatocellular Drug-resistance associated network module identification [114]
carcinoma
MicroRNA + IncRNA + drugs Various RNA/drug network association and network module identification using [49,

DRdriver Gene regulatory network of specific, drug- 8 cancer types
resistant patients
NetSCCA Multilayer gene networks Gefitinib- and
erlotinib-
sensitive and
-resistant cells
DryNetMC Time course RNASeq gene regulatory Glioma

network
Methods analyzing network dynamics
Boolean 51 node dynamic signaling network Breast cancer
MALAT—-miR—-145 —KLF4 —BMI1-Sp1
cancer
Acute myeloid
leukaemia
Various

FLT3 tyrosine kinase internal tandem
duplication network
Boolean and protein Epithelial-mesenchymal transition
translocation
Global sensitivity

ErbB2/3 signaling network Ovarian cancer

analysis

Pathway dynamics Signaling network of 14 phosphoproteins Colorectal

analysis

VESPA Signaling network 7-point Colorectal
phosphoproteomic time series

Turbine Simulated Cell Various

Non-small cell lung

machine learning 78]
Networks of resistance-specifically mutated genes, their regulators and [115]
targets, drivers of most differentially expressed gene identified by genetic
algorithm

EGFR CRISPR knockout screen combined with network-constrained [80]

sparse common component analysis of sensitive and resistant cells
Network topology, network entropy and expression dynamics
characterization on a ~50 node network

Boolean dynamic model of 6 signaling pathways (IGF1R, HER2/3, PI3K, [84]
MAPK, AKT, mTORC, ER)

Regulatory circuits of miR—145 [82]
Personalized predictive models of the signaling landscape of affected [81]
patients

Shows different functions before and after protein translocation [51]

Multiparametric network perturbations using 54 ordinary differential
equations and 91 parameters

Pathway dynamics analysis from phosphoprotein patterns after drug [83]
perturbations

Virtual enrichment signaling protein analysis: machine learning of drug [85]
perturbation adaptations

Difference equation-based simulation of signal propagation in a large- [86]

scale human signaling network to reveal best few from 66,348 drug
combination/cell line pairs
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or inhibiting connections. The signaling status of each network node is
described by ON or OFF states. Thus, Boolean dynamics is binary:
showing either full activation or full inhibition. The interplay of con-
nections is marked by the logical operators AND, OR and NOT. AND
means that the involved connections are all needed for activation. OR
means that any one of them is enough. NOT inverts the node status: if it
was ON, it becomes OFF, and vice versa [81-84].

Boolean methods identified (among many others) the JNK pathway
and miR-145 potentially playing a role in drug resistance of acute
myeloid leukemia and non-small cell lung cancer, respectively [81,82].
Co-blockade of glycogen synthase kinase 3 (GSK3) and the
MYC/CDK4/CDK6 axis (or GSK3 and mTORC1) were also shown as
potential treatment options in case of MEK (mitogen-activated protein
kinase kinase) inhibitor (or PI3K inhibitor) resistance [83,84]. Propa-
gation of multiple perturbations in larger signaling networks emerged as
a modeling option only recently. Analysis of time series of phospho-
proteomic patterns during drug treatment [85] is a promising method to
study drug resistance development and to propose treatment options to
prevent or inhibit its emergence. The Simulated Cell model uses
discrete-time difference equation-based perturbation propagation in a
large-scale signaling network. This method results in an in silico estimate
of cell survival after drug treatment. The model calculates the contin-
uous state of signaling nodes between full inhibition and full activation.
Simulated Cell uses manually curated signaling networks customized to
specific cancer cells by RNA expression and mutation patterns. The
method was successfully used to predict the best few from 66,348 drug
combination/cell line pairs [86].

6. Network pharmacology and cellular memory drugs
combating drug resistance

Combination therapy emerged early on as an important treatment
modality against cancer. Network pharmacology uses the rich infor-
mation encoded by molecular networks of cancer cells to suggest drug
combinations based on the network proximity of potential drug target
proteins in e.g. disease modules, i.e. densely connected network node
groups associated with the particular type of cancer [87,88].

6.1. Network pharmacology-based therapy options against drug
resistance

Network-based combination therapy options include blocking
different targets a.) in the same pathway; b.) in redundant pathways
(using isoforms, e.g. Ras/K-Ras/H-Ras, EGFR/ErbB2/3, etc.); c.) in
parallel pathways (like the pairs RTK/JAK-STAT or Hippo-YAP1/WNT-
B-catenin, both pairs stimulating cell proliferation); and in d.)
compensatory pathways (like MAPK inducing sufficiently high protein
levels and PI3K/AKT/mTOR inducing cell growth, both needed for
proliferation [7,11]). An important recent development that the para-
doxical activation of the MAPK pathway (by e.g. the PP2A inhibitor
LB-100) together with cell cycle checkpoint inhibition by WEE1 or CHK1
inhibitors developed resistant cells that have not increased but much
reduced tumorigenicity [89]. Recent work examined 684 drug combi-
nations in 97 cancer cell lines using a large-scale dynamic model of
cancer cell signaling networks and showed the synergy between drugs
affecting DNA damage response pathways. The easy interpretability of
network models helps to understand synergy mechanisms, which is at
least as important in clinical applications as synergy itself [86]. These
approaches may significantly speed up the drug development process
and may lead to the discovery of unusual drug combinations, which
often suggest a repurposing of existing drugs against completely
different diseases than cancer. Network methods may also bring
nonconventional drug targets to the discovery-channel, like those
network neighbors which are adjacent network nodes to proteins
involved in cancer development [12,36,37].

Ceasing anticancer therapy administration may lead to re-
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sensitization against the drug due to network plasticity-induced
changes in the already existing drug-resistant cells (which often have
not yet acquired mutations or extensive network changes stabilizing the
drug-resistant state). Intermittent treatment protocols (including ’drug
holidays’) became an important treatment option in gefitinib-resistant
lung adenocarcinoma or encorafenib/vemurafenib-resistant melanoma
[64,65,90]. As Sui Huang used the Nietzschean saying for cancer cells:
“what does not kill me, makes me stronger”, chemotherapy treatments
often induce very aggressive tumors, which complete an
epithelial-mesenchymal transition, with increased metastatic potential
and cancer stem cell formation. Here, cancer cells are shifted to 'rebel-
lious’, more malignant attractor states by the stress and (partial) cell
killing by the treatment itself [91]. Maintenance therapy, i.e. a therapy
with extended duration (and potentially with lower drug doses) was
introduced as early as 1956 [92]. Differentiation therapy is a successful
option in acute promyelocytic leukemia, with a combined treatment of
retinoic acid and arsenic. Differentiation therapy may re-differentiate
cancer stem cells to progenitor cells incapable of self-renewal, reduce
cancer cell heterogeneity, induce cell dormancy and may reverse the
EMT [39,93,94].

6.2. Cellular memory drugs: an emerging new option against drug
resistance

The signaling network of the cell can be trained to reconfigure its
cellular memory [26-28,95]. A large number of the above listed treat-
ment options use cellular memory drugs, i.e. drugs affecting the for-
mation of cellular memory (differentiation therapy) or the induction of
cellular forgetting ('drug holidays’, maintenance therapy; Fig. 4).
Several emerging treatment protocols use sequential therapy, where first
a drug against the network plasticity-induced pre-existent dru-
g-resistant cells is administered, which is then followed by targeted
therapy (such as e.g. that of combined BRAF, MEK, etc. inhibitors).
These drugs include IGF1-receptor inhibitors, PI3K inhibitors, or epi-
drugs, i.e. inhibitors of epigenetic modifying enzymes, such as
DNA-methyltransferases, histone deacetylases, histone methyl-
transferases or histone demethylases. Importantly, histone deacetylase
inhibition cannot erase network plasticity-induced, apoptosis-inducing
JNK-impaired, vincristine- or anisomycin-resistant neuroblastoma
cells. However, histone deacetylase inhibition improves drug response
by restoring drug-induced, apoptosis-promoting JNK activity within the
drug-resistant subpopulation of neuroblastoma cells [8,24,25,57].

The recent drug design strategy of chemically induced proximity
mimics Hebbian-learning of signaling networks in the sense that it
strengthens the interaction between two signaling network neighbors.
This strategy has recently been suggested to link the epidrugs histone
lysine acetyltransferase (KAT) inhibitors to androgen or estrogen re-
ceptor antagonists [96,97].

Therapy options (such as those mentioned before against the drug-
resistant subpopulation of cancer cells) may induce cellular forgetting
that breaks the (stochastically pre-existent or developing) habituation
against the anticancer drug [19,23,26,27]. Desensitization of the
’always-on’ cancer-specific signaling pathway induces cellular forget-
ting. The rich repertoire of emerging drug development directions to
break ErbB signaling by disrupting protein-protein interactions of the
ErbB receptor or by proteolysis/lysosome-targeting chimeras of ErbB
[98] provides important examples of targeted cellular forgetting.
Drug-induced desensitization of the cancer-promoting alternative
growth signal is another mode to modify cellular memory (such as that
by inhibitors of Transient receptor potential melastatin type-8, TRPMS,
which desensitize the alternative WNT/p-catenin pathway [99]).
Breaking of sensitization against the unwanted side effects of the anti-
cancer drug may be an important co-therapy option (e.g. the coadmin-
istration of the flavonoid luteolin, with the aromatase inhibitor
letrozole, besides the standard care of coadministered vitamin D and
calcium, normalized the otherwise impaired blood lipid profile [100]).
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Fig. 4. Cellular memory drugs against drug resistance. Cellular memory drugs are drugs affecting the formation of cellular memory (such as the development and
stabilization of alternative signaling pathways maintaining cancer cell viability) or the induction of cellular forgetting (such as desensitization of pathways to drug
inhibition). a.) Drugs against network plasticity—induced, pre-existent drug-resistant cells that emerge as a rare subpopulation in cancer cell heterogeneity before the
anticancer drug administration (e.g. IGF1R or PI3K inhibitors). b.) Epidrugs, i.e. inhibitors of epigenetic modifying enzymes, e.g. DNA-methyltransferases (DNMT),
histone deacetylases (HDAC), histone methyltransferases or histone demethylases (both abbreviated as HMT). Ac = acetyl group. Me = methyl group. c.) Chemically
induced proximity: mimicking Hebbian learning of signaling neighbors, e.g. linking histone lysine acetyltransferase (KAT) inhibitors to androgen or estrogen receptor
(AR and ER, respectively) antagonists. d.) Drug-induced desensitization of the original or alternative cancer promoting growth signal (e.g. inhibition of ErbB or
TRPMS desensitizing the WNT/p-catenin pathway). e.) Breaking sensitization to the unwanted side effects of anticancer drugs (e.g. the coadministration of luteolin
broke the sensitization of blood lipid profile induced by letrozole). Created with Biorender.com.

7. Concluding remarks and future perspectives

We reviewed the development of cancer drug resistance as a cellular
learning process of signaling networks. In this process, the signaling
network plasticity (due to stochastic fluctuations) of the heterogeneous
cancer cells first develops a rare (one in ~3000) subpopulation of pre-
existent drug-resistant cells. In the presence of anticancer drugs, can-
cer cells forget their original state by downregulating drug-affected
signaling proteins, by decreasing drug-affected connection strengths of
signaling partners and by desensitizing drug-affected signaling path-
ways. Cancer cells also relearn to strengthen (i.e. upregulate, increase
connection strengths and sensitize) alternative pathways. This latter is
analogous to the Hebbian learning process of inter-neuronal connec-
tions. In the presence of the drug, the pre-existent resistant cell popu-
lation becomes dominant (also because non-resistant cells die out) and
develops drug resistance memory. We showed that all key players of the
cellular learning process (such as IDPs, protein translocation, micro-
RNAs/IncRNAs, scaffolding proteins and epigenetic/chromatin mem-
ory) are documented to be involved in drug resistance development.
Importantly, all of them are involved in epithelial-mesenchymal tran-
sition, which accompanies drug resistance and leads to metastasis for-
mation. We listed methods related to network structure or dynamics that
assess drug resistance. We summarized the involvement of network
pharmacology in opening new directions to understand resistance
development. Finally, we highlighted cellular memory drugs affecting
cellular memory and cellular forgetting and showed that these cellular
memory drugs a.) erase the rare pre-existent drug-resistant cells as a pre-

treatment before targeted anticancer therapy; b.) mimic Hebbian
learning of signaling networks by chemically induced proximity; c.)
affect chromatin memory by DNA and/or histone modifications; d.)
desensitize the original or alternative cancer promoting signaling; e.)
break sensitization to unwanted side effects.

Future studies are needed for the further exploration and validation
of therapeutic strategies related to network pharmacology, cellular
learning and cellular forgetting. Network pharmacology-related in-
quiries may examine whether the onion structure of networks [74] be-
comes more prevalent in signaling networks of drug-resistant cells than
in drug sensitive cells. Similarly, the enrichment of core/periphery
network structures with distinct peripheral network modules weakly
attached to the network core but not to other peripheral node groups
[75] during cancer drug resistance development needs to be explored.
Importantly, changes of neither network controllability [76] nor
network resilience [77] were studied in drug-resistant cells in enough
detail yet. Similarly, little attention was focused on network neighbors
[12,36,37] of proteins known to be involved in drug resistance devel-
opment. All these may drive the attention to novel potential drug tar-
gets, which may be successfully explored in combating cancer drug
resistance.

Therapeutic modalities utilizing the plasticity of cancer cell networks
require a much larger effort to bring their full potential to clinical
practice. The appropriate scheduling of ’drug holidays’ [64,65,90]
including their onset, duration, sequence, reoccurrence, etc. deserves
much greater attention. Combination of intermittent and maintenance
therapies to conventional therapies is also an area getting less attention
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than required.

Cellular memory drugs (i.e. drugs affecting cellular learning and
cellular forgetting) are only rarely examined and used in the clinical
practice yet. Sequential therapy, administering first cellular memory
drugs against pre-existing drug-resistant cells displaying a large network
plasticity (e.g. IGF1-receptor inhibitors, PI3K inhibitors or epidrugs)
followed by targeted therapy [8,24,25,571, needs more studies. Cellular
memory drugs inducing chemically induced proximity [96,97] will
certainly be an area expanding in the future. Targeted cellular forgetting
of continuously active signaling pathways (such as that of the EGF re-
ceptor [98]) or desensitizing drug-induced alternative pathways (like
that of the WNT/p-catenin pathway [99]) will also have greater atten-
tion in the future. These efforts will help to set the balance of drug
administration strategies to kill enough cancer cells (Huang, 2020) but
still limit the pressure for drug resistance development.

Translation of the therapeutic concepts into clinical practice has
many challenges. As an example of these, Biswas et al. [22] examined 35
gene regulatory networks possessing several types of memories and re-
ported a significant variability of their responses to treatment sequences
and durations. An important contribution is the recent study of
Kukushkin et al. [95] reporting that the training of two non-neural,
immortalized cell lines distributed across multiple sessions produced a
stronger memory than the same amount of training applied in a single
episode. This property (also called massed training) is highly conserved
across the animal kingdom and is observed at both the behavioral and
the synaptic level [95]. These findings suggest that actual effects of drug
treatments may exhibit a strong history dependence—a concept
remaining largely under-explored in clinical settings.

However, recent studies on large dynamic networks examined the
sensitivity of KRAS-mutated molecular subgroups to PD-(L)1 immuno-
therapy in 776 patients [101], performed in silico clinical trials sug-
gesting patient stratification and selecting the best-responder patient
cohort [102], conducted an N-of-1 in silico clinical trial designing a
successful therapy for a relapsed glioblastoma patient [103] and pro-
vided in silico drug combination screens in a short time revealing the best
few from 66,348 drug combination/cell line pairs [86]. Creation and
simulation of proteome-wide models is greatly helped by artificial in-
telligence (AI) technology [104,105]. These advances increase the hope
that even larger dynamic network models may bring us closer to clinical
applications.

There are several limitations to this study. The network methods we
listed in Table 1. and our conclusions are based mostly on information
about signaling networks. However, there are quite a few studies
examining protein-protein interaction networks, including those which
extended these PPI networks with microRNAs and/or IncRNAs. Since
signaling networks constitute a major subnetwork of the combined PP/
microRNA/IncRNA network, and since molecular networks very often
behave self-similarly [12], we expect that the results obtained with PPI
networks or extended PPI networks are valid for signaling networks, too.
As an example of this, the disease module concept of Laszlo-Albert Bar-
abasi was first shown in PPI networks, then extended to PPI/-
mircoRNA/IncRNA networks and also proved to be valid in signaling
networks [31,106]. However, the precise examination of the similarity
between PPI and signaling networks, and the possibility of extending
these conclusions to gene regulatory networks, gene interaction net-
works or metabolic networks, are open questions for future studies.

Since we discussed learning of signaling networks, we concentrated
on the development of acquired resistance. However, several points
mentioned (such as network plasticity-induced cellular heterogeneity)
cover intrinsic resistance as well. Except for the role of the tumor
microenvironment in the development of cancer cell plasticity (Section
4.2.), we concentrated on the learning of single-cell signaling networks.
Learning and forgetting during the development of drug resistance by
the cell-cell network of cancer, stromal and immune cells is an important
area of future studies.

Our current knowledge on signaling network dynamics during drug
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resistance development is rather limited. This is mainly because of the
limited size of the signaling networks examined in these studies. Recent
developments extended human interactomes and signaling networks to
the proteome level covering ~20 thousand human proteins [15,16,18].
However, even the largest currently published dynamic network models
have only between 2 and 3.6 thousand nodes [86,101-103] (in the
currently used version #8 of the Simulated Cell model, the network size
grew to 8 thousand nodes; Daniel V. Veres, personal communication).
What are the challenges to reach proteome-wide drug resistance
models? Current datasets often use different identifiers, which prevents
their easy combination. Only a segment of the data is experimentally
verified, and a significant portion of them is only predicted. Both
network data and models need to be more interoperable and repro-
ducible [107]. Current, intensive community efforts [107-110] may
solve these challenges in the future.

Finally, our conclusions give a valid description of the development
of drug resistance in cancer cells. However, we note that there are
several similarities to antibiotic resistance, antimicrobial resistance and
resistance in diseases other than cancer. As examples of these, the con-
cepts of the resistome and compensation of alternative signaling path-
ways were also coined in antibiotic resistance development [32,111],
and even plants involve their chromatin memory in their defense re-
sponses [112]. Recently, an excellent review was published about the
similarities of drug resistance development in bacteria, fungi and cancer
cells [113]. However, the examination of the extent of this similarity
will require further studies.

Our rapidly increasing knowledge about molecular networks of
cancer cells has already provided a very powerful armament to combat
the development of drug resistance. Significant improvements of the last
years in network dynamics measurements opened an especially impor-
tant new area here. We hope that our study summarizing the concept of
cellular learning and cellular forgetting in understanding drug resistance
development at the network level will prompt further studies of this
exciting field.

Funding

This work was supported by the Thematic Excellence Program
(Témateriileti Kivalosagi Program TKP2021-EGA-24) of the Ministry for
Innovation and Technology in Hungary, within the framework of the
Molecular Biology thematic program of the Semmelweis University (P.
C.) and by the 2024-2.1.1-EKOP-2024-00004. University Research
Scholarship Program of the Ministry for Culture and Innovation from the
source of the National Research, Development and Innovation Fund (M.
K)).

CRediT authorship contribution statement

Csermely Peter: Writing — review & editing, Writing — original draft,
Supervision, Project administration, Investigation, Funding acquisition,
Formal analysis, Conceptualization. Veres Daniel: Writing — review &
editing, Conceptualization. Schule Klara: Writing — review & editing.
Kerestély Mark: Writing - review & editing. Keresztes David: Writing
- review & editing, Visualization. Kovacs Borbala: Writing — review &
editing. Szarka Levente: Writing — review & editing.

Declaration of Competing Interest

The authors declare the following financial interests/personal re-
lationships which may be considered as potential competing interests:
Peter Csermely and Mark Kerestély report financial support provided by
Ministry for Innovation and Technology in Hungary. Daniel V. Veres
reports a relationship with Turbine Ltd. that includes: employment and
equity or stocks. If there are other authors, they declare that they have
no known competing financial interests or personal relationships that
could have appeared to influence the work reported in this paper.



D. Keresztes et al.

Acknowledgments

Authors thank the anonymous referees and Csaba Pél (Biological
Research Center, Szeged, Hungary) for their excellent advice to better
the manuscript.

Patient consent for publication

Not applicable.

References

[1]
[2]

[3]

[4]

[5

[}

[6

]

[71

(8]

[91

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

American Cancer Society, 2024. (https://cancerstatisticscenter.cancer.org
/module/BmVYeqHT/) (accessed 10th September 2024).

D. Yadav, G.S.N.K. Rao, D. Paliwal, A. Singh, S. Shadab, Insight into the basic
mechanisms and various modulation strategies involved in cancer drug
resistance, Curr. Cancer Drug Targets 23 (2023) 778-791, https://doi.org/
10.2174/1568009623666230508110258.

R. Hu, H. Xu, P. Jia, Z. Zhao, KinaseMD: kinase mutations and drug response
database, Nucleic Acids Res. 49 (2021) D552-D561, https://doi.org/10.1093/
nar/gkaa945.

M. Milacic, D. Beavers, P. Conley, C. Gong, M. Gillespie, J. Griss, R. Haw,

B. Jassal, L. Matthews, B. May, R. Petryszak, E. Ragueneau, K. Rothfels, C. Sevilla,
V. Shamovsky, R. Stephan, K. Tiwari, T. Varusai, J. Weiser, A. Wright, G. Wu,
L. Stein, H. Hermjakob, P. D’Eustachio, The reactome pathway knowledgebase
2024, Nucleic Acids Res. 52 (2024) D672-D678, https://doi.org/10.1093/nar/
gkad1025.

B. Bueschbell, A.B. Caniceiro, P.M.S. Suzano, M. Machuqueiro, N. Rosério-
Ferreira, 1.S. Moreira, Network biology and artificial intelligence drive the
understanding of the multidrug resistance phenotype in cancer, Drug Resist.
Updat. 60 (2022) 100811, https://doi.org/10.1016/j.drup.2022.100811.

M. Garofalo, C.M. Croce, MicroRNAs as therapeutic targets in chemoresistance,
Drug Resist. Updat. 16 (2013) 47-59, https://doi.org/10.1016/j.
drup.2013.05.001.

R. Nussinov, C.J. Tsai, H. Jang, A new view of pathway-driven drug resistance in
tumor proliferation, Trends Pharmacol. Sci. 38 (2017) 427-437, https://doi.org/
10.1016/j.tips.2017.02.001.

V.M. Lauschke, I. Barragan, M. Ingelman-Sundberg, Pharmacoepigenetics and
toxicoepigenetics: novel mechanistic insights and therapeutic opportunities,
Annu. Rev. Pharmacol. Toxicol. 58 (2018) 161-185, https://doi.org/10.1146/
annurev-pharmtox-010617-053021.

H. Song, D. Liu, S. Dong, L. Zeng, Z. Wu, P. Zhao, L. Zhang, Z.S. Chen, C. Zou,
Epitranscriptomics and epiproteomics in cancer drug resistance: therapeutic
implications, Signal Transduct. Target. Ther. 5 (2020) 193, https://doi.org/
10.1038/s41392-020-00300-w.

M. Reviejo, M. Soto, E. Lozano, M. Asensio, O. Martinez-Augustin, F. Sanchez de
Medina, J.J.G. Marin, Impact of alternative splicing on mechanisms of resistance
to anticancer drugs, Biochem. Pharmacol. 193 (2021) 114810, https://doi.org/
10.1016/j.bcp.2021.114810.

R. Nussinov, B.R. Yavuz, H. Jang, Anticancer drugs: how to select small molecule
combinations? Trends Pharmacol. Sci. 45 (2024) 503-519, https://doi.org/
10.1016/j.tips.2024.04.012.

P. Csermely, T. Korcsmaros, H.J. Kiss, G. London, R. Nussinov, Structure and
dynamics of molecular networks: a novel paradigm of drug discovery: a
comprehensive review, Pharmacol. Ther. 138 (2013) 333-408, https://doi.org/
10.1016/j.pharmthera.2013.01.016.

F. Conte, G. Fiscon, V. Licursi, D. Bizzarri, T. D’Anto, L. Farina, P. Paci,

A paradigm shift in medicine: a comprehensive review of network-based
approaches, Biochim. Biophys. Acta Gene Regul. Mech. 1863 (2020) 194416,
https://doi.org/10.1016/j.bbagrm.2019.194416.

D. Tiirei, A. Valdeolivas, L. Gul, N. Palacio-Escat, M. Klein, O. Ivanova, M. Olbei,
A. Gabor, F. Theis, D. Médos, T. Korcsmaros, J. Saez-Rodriguez, Integrated intra-
and intercellular signaling knowledge for multicellular omics analysis, Mol. Syst.
Biol. 17 (2021) €9923, https://doi.org/10.15252/msb.20209923.

R. Oughtred, J. Rust, C. Chang, B.J. Breitkreutz, C. Stark, A. Willems, L. Boucher,
G. Leung, N. Kolas, F. Zhang, S. Dolma, J. Coulombe-Huntington, A. Chatr-
Aryamontri, K. Dolinski, M. Tyers, The BioGRID database: a comprehensive
biomedical resource of curated protein, genetic, and chemical interactions,
Protein Sci. 30 (2021) 187-200, https://doi.org/10.1002/pro.3978.

L. Csabai, D. Fazekas, T. Kadlecsik, M. Szalay-Bekd, B. Bohar, M. Madgwick,

D. Médos, M. Olbei, L. Gul, P. Sudhakar, J. Kubisch, O.J. Oyeyemi, O. Liska,

E. Ari, B. Hotzi, V.A. Billes, E. Molnar, L. Foldvari-Nagy, K. Csélyi, A. Demeter,
N. Papai, M. Koltai, M. Varga, K. Lenti, I.J. Farkas, D. Tiirei, P. Csermely,

T. Vellai, T. Korcsmaros, SignaLink3: a multi-layered resource to uncover tissue-
specific signaling networks, Nucleic Acids Res. 50 (2022) D701-D709, https://
doi.org/10.1093/nar/gkab909.

P. Lo Surdo, M. Iannuccelli, S. Contino, L. Castagnoli, L. Licata, G. Cesareni,

L. Perfetto, SIGNOR 3.0, the SIGnaling network open resource 3.0: 2022 update,
Nucleic Acids Res. 51 (2023) D631-D637, https://doi.org/10.1093/nar/gkac883.
D. Szklarczyk, K. Nastou, M. Koutrouli, R. Kirsch, F. Mehryary, R. Hachilif, D. Hu,
M.E. Peluso, Q. Huang, T. Fang, N.T. Doncheva, S. Pyysalo, P. Bork, L.J. Jensen,
C. von Mering, The STRING database in 2025: protein networks with

10

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

Biomedicine & Pharmacotherapy 183 (2025) 117880

directionality of regulation, Nucleic Acids Res. 53 (2025) D730-D737, https://
doi.org/10.1093/nar/gkael113.

P. Csermely, N. Kunsic, P. Mendik, M. Kerestély, T. Farago, D.V. Veres, P. Tompa,
Learning of signaling networks: molecular mechanisms, Trends Biochem. Sci. 45
(2020) 284-294, https://doi.org/10.1016/j.tibs.2019.12.005.

J. Berenguer, T. Celia-Terrassa, Cell memory of epithelial-mesenchymal plasticity
in cancer, Curr. Opin. Cell Biol. 69 (2021) 103-110, https://doi.org/10.1016/j.
ceb.2021.01.001.

S.J. Gershman, P.E. Balbi, C.R. Gallistel, J. Gunawardena, Reconsidering the
evidence for learning in single cells, Elife 10 (2021) 61907, https://doi.org/
10.7554/eLife.61907.

S. Biswas, S. Manicka, E. Hoel, M. Levin, Gene regulatory networks exhibit
several kinds of memory: quantification of memory in biological and random
transcriptional networks, iScience 24 (2021) 102131, https://doi.org/10.1016/j.
isci.2021.102131.

S. Biswas, W. Clawson, M. Levin, Learning in transcriptional network models:
Computational discovery of pathway-level memory and effective interventions,
Int. J. Mol. Sci. 24 (2022) 285, https://doi.org/10.3390/ijms24010285.

G. Harmange, R.A.R. Hueros, D.L. Schaff, B. Emert, M. Saint-Antoine, L.C. Kim,
Z.Niu, S. Nellore, M.E. Fane, G.M. Alicea, A.T. Weeraratna, M.C. Simon, A. Singh,
S.M. Shaffer, Disrupting cellular memory to overcome drug resistance, Nat.
Commun. 14 (2023) 7130, https://doi.org/10.1038/s41467-023-41811-8.

J.F. Hastings, S.L. Latham, A. Kamili, M.S. Wheatley, J.Z.R. Han, M. Wong-
Erasmus, M. Phimmachanh, M. Nobis, C. Pantarelli, A.L. Cadell, Y.E.I. O’Donnell,
K.H. Leong, S. Lynn, F.S. Geng, L. Cui, S. Yan, J. Achinger-Kawecka, C. Stirzaker,
M.D. Norris, M. Haber, T.N. Trahair, F. Speleman, K. De Preter, M.J. Cowley,
0. Bogdanovic, P. Timpson, T.R. Cox, W. Kolch, J.I. Fletcher, D. Fey, D.

R. Croucher, Memory of stochastic single-cell apoptotic signaling promotes
chemoresistance in neuroblastoma, Sci. Adv. 9 (2023) eabp8314, https://doi.org/
10.1126/sciadv.abp8314.

J. Mathews, A.J. Chang, L. Devlin, M. Levin, Cellular signaling pathways as
plastic, proto-cognitive systems: Implications for biomedicine, Patterns 4 (2023)
100737, https://doi.org/10.1016/j.patter.2023.100737.

T. Veres, M. Kerestély, B.M. Kovacs, D. Keresztes, K. Schulc, E. Seitz, Z. Vassy, D.
V. Veres, P. Csermely, Cellular forgetting, desensitisation, stress and ageing in
signalling networks. When do cells refuse to learn more? Cell. Mol. Life Sci. 81
(2024) 97, https://doi.org/10.1007/s00018-024-05112-7.

L. Eckert, M.S. Vidal-Saez, Z. Zhao, J. Garcia-Ojalvo, R. Martinez-Corral,

J. Gunawardena, Biochemically plausible models of habituation for single-cell
learning, Curr. Biol. 34 (2024) 5646-5658, https://doi.org/10.1016/j.
cub.2024.10.041.

F. Pigozzi, A. Goldstein, M. Levin, Associative conditioning in gene regulatory
network models increases integrative causal emergence, OSF Prepr. (2025),
https://doi.org/10.31219/0sf.io/2bc4n.

K.I. Goh, M.E. Cusick, D. Valle, B. Childs, M. Vidal, A.L. Barabdsi, The human
disease network, Proc. Natl. Acad. Sci. Usa. 104 (2007) 8685-8690, https://doi.
org/10.1073/pnas.0701361104.

D. Morselli Gysi, A.L. Barabési, Noncoding RNAs improve the predictive power of
network medicine, Proc. Natl. Acad. Sci. Usa. 120 (2023) 2301342120, https://
doi.org/10.1073/pnas.2301342120.

E. Dickreuter, N. Cordes, The cancer cell adhesion resistome: mechanisms,
targeting and translational approaches, Biol. Chem. 398 (2017) 721-735, https://
doi.org/10.1515/hsz-2016-0326.

A. Kornakiewicz, W. Solarek, Z.F. Bielecka, F. Lian, C. Szczylik, A.M. Czarnecka,
Mammalian target of rapamycin inhibitors resistance mechanisms in clear cell
renal cell carcinoma, Curr. Signal Transduct. Ther. 8 (2014) 210-218, https://
doi.org/10.2174/1574362409666140206222746.

Y. Li, B. Zhao, J. Peng, H. Tang, S. Wang, S. Peng, F. Ye, J. Wang, K. Ouyang, J. Li,
M. Cai, Y. Chen, Inhibition of NF-kB signaling unveils novel strategies to
overcome drug resistance in cancers, Drug Resist. Updat. 73 (2024) 101042,
https://doi.org/10.1016/j.drup.2023.101042.

S.C. Lin, W.L. Liao, J.C. Lee, S.J. Tsai, Hypoxia-regulated gene network in drug
resistance and cancer progression, Exp. Biol. Med. 239 (2014) 779-792, https://
doi.org/10.1177/1535370214532755.

D. Mdédos, K.C. Bulusu, D. Fazekas, J. Kubisch, J. Brooks, I. Marczell, P.M. Szabd,
T. Vellai, P. Csermely, K. Lenti, A. Bender, T. Korcsmaros, Neighbours of cancer-
related proteins have key influence on pathogenesis and could increase the drug
target space for anticancer therapies, NPJ Syst. Biol. Appl. 3 (2017) 2, https://doi.
org/10.1038/541540-017-0003-6.

J. Li, A.E. Lenferink, Y. Deng, C. Collins, Q. Cui, E.O. Purisima, M.D. O’Connor-
McCourt, E. Wang, Identification of high-quality cancer prognostic markers and
metastasis network modules, Nat. Commun. 1 (2010) 34, https://doi.org/
10.1038/ncomms1033.

J.S. Logue, D.K. Morrison, Complexity in the signaling network: insights from the
use of targeted inhibitors in cancer therapy, Genes Dev. 26 (2012) 641-650,
https://doi.org/10.1101/gad.186965.112.

H. Kitano, Cancer as a robust system: implications for anticancer therapy, Nat.
Rev. Cancer 4 (2004) 227-235, https://doi.org/10.1038/nrc1300.

C.T. Tu, B.S. Chen, New measurement methods of network robustness and
response ability via microarray data, PLoS One 8 (2013) e55230, https://doi.org/
10.1371/journal.pone.0055230.

S. Horibata, E.J. Rice, H. Zheng, C. Mukai, T. Chu, B.A. Marks, S.A. Coonrod, C.
G. Danko, A bi-stable feedback loop between GDNF, EGR1, and ERa contribute to
endocrine resistant breast cancer, PLoS One 13 (2018) e0194522, https://doi.
org/10.1371/journal.pone.0194522.


https://cancerstatisticscenter.cancer.org/module/BmVYeqHT/
https://cancerstatisticscenter.cancer.org/module/BmVYeqHT/
https://doi.org/10.2174/1568009623666230508110258
https://doi.org/10.2174/1568009623666230508110258
https://doi.org/10.1093/nar/gkaa945
https://doi.org/10.1093/nar/gkaa945
https://doi.org/10.1093/nar/gkad1025
https://doi.org/10.1093/nar/gkad1025
https://doi.org/10.1016/j.drup.2022.100811
https://doi.org/10.1016/j.drup.2013.05.001
https://doi.org/10.1016/j.drup.2013.05.001
https://doi.org/10.1016/j.tips.2017.02.001
https://doi.org/10.1016/j.tips.2017.02.001
https://doi.org/10.1146/annurev-pharmtox-010617-053021
https://doi.org/10.1146/annurev-pharmtox-010617-053021
https://doi.org/10.1038/s41392-020-00300-w
https://doi.org/10.1038/s41392-020-00300-w
https://doi.org/10.1016/j.bcp.2021.114810
https://doi.org/10.1016/j.bcp.2021.114810
https://doi.org/10.1016/j.tips.2024.04.012
https://doi.org/10.1016/j.tips.2024.04.012
https://doi.org/10.1016/j.pharmthera.2013.01.016
https://doi.org/10.1016/j.pharmthera.2013.01.016
https://doi.org/10.1016/j.bbagrm.2019.194416
https://doi.org/10.15252/msb.20209923
https://doi.org/10.1002/pro.3978
https://doi.org/10.1093/nar/gkab909
https://doi.org/10.1093/nar/gkab909
https://doi.org/10.1093/nar/gkac883
https://doi.org/10.1093/nar/gkae1113
https://doi.org/10.1093/nar/gkae1113
https://doi.org/10.1016/j.tibs.2019.12.005
https://doi.org/10.1016/j.ceb.2021.01.001
https://doi.org/10.1016/j.ceb.2021.01.001
https://doi.org/10.7554/eLife.61907
https://doi.org/10.7554/eLife.61907
https://doi.org/10.1016/j.isci.2021.102131
https://doi.org/10.1016/j.isci.2021.102131
https://doi.org/10.3390/ijms24010285
https://doi.org/10.1038/s41467-023-41811-8
https://doi.org/10.1126/sciadv.abp8314
https://doi.org/10.1126/sciadv.abp8314
https://doi.org/10.1016/j.patter.2023.100737
https://doi.org/10.1007/s00018-024-05112-7
https://doi.org/10.1016/j.cub.2024.10.041
https://doi.org/10.1016/j.cub.2024.10.041
https://doi.org/10.31219/osf.io/2bc4n
https://doi.org/10.1073/pnas.0701361104
https://doi.org/10.1073/pnas.0701361104
https://doi.org/10.1073/pnas.2301342120
https://doi.org/10.1073/pnas.2301342120
https://doi.org/10.1515/hsz-2016-0326
https://doi.org/10.1515/hsz-2016-0326
https://doi.org/10.2174/1574362409666140206222746
https://doi.org/10.2174/1574362409666140206222746
https://doi.org/10.1016/j.drup.2023.101042
https://doi.org/10.1177/1535370214532755
https://doi.org/10.1177/1535370214532755
https://doi.org/10.1038/s41540-017-0003-6
https://doi.org/10.1038/s41540-017-0003-6
https://doi.org/10.1038/ncomms1033
https://doi.org/10.1038/ncomms1033
https://doi.org/10.1101/gad.186965.112
https://doi.org/10.1038/nrc1300
https://doi.org/10.1371/journal.pone.0055230
https://doi.org/10.1371/journal.pone.0055230
https://doi.org/10.1371/journal.pone.0194522
https://doi.org/10.1371/journal.pone.0194522

D. Keresztes et al.

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

K.S. Farquhar, D.A. Charlebois, M. Szenk, J. Cohen, D. Nevozhay, G. Baldzsi, Role
of network-mediated stochasticity in mammalian drug resistance, Nat. Commun.
10 (2019) 2766, https://doi.org/10.1038/541467-019-10330-w.

P. Kulkarni, S. Bhattacharya, S. Achuthan, A. Behal, M.K. Jolly, S. Kotnala,

A. Mohanty, G. Rangarajan, R. Salgia, V. Uversky, Intrinsically disordered
proteins: critical components of the wetware, Chem. Rev. 122 (2022) 6614-6633,
https://doi.org/10.1021/acs.chemrev.1c00848.

A. Plotnikov, K. Flores, G. Maik-Rachline, E. Zehorai, E. Kapri-Pardes, D.A. Berti,
T. Hanoch, M.J. Besser, R. Seger, The nuclear translocation of ERK1/2 as an
anticancer target, Nat. Commun. 6 (2015) 6685, https://doi.org/10.1038/
ncomms7685.

Q. Song, Q. Ji, Q. Li, The role and mechanism of f-arrestins in cancer invasion and
metastasis, Int. J. Mol. Med. 41 (2018) 631-639, https://doi.org/10.3892/
ijmm.2017.3288.

A.F. Quest, L. Lobos-Gonzalez, S. Nunez, C. Sanhueza, J.G. Fernandez, A. Aguirre,
D. Rodriguez, L. Leyton, V. Torres, The caveolin-1 connection to cell death and
survival, Curr. Mol. Med. 13 (2013) 266-281, https://doi.org/10.2174/
156652413804810745.

A.S. Nikonova, A.V. Gaponova, A.E. Kudinov, E.A. Golemis, CAS proteins in
health and disease: an update, IUBMB Life 66 (2014) 387-395, https://doi.org/
10.1002/iub.1282.

G. Zhang, H. Scarborough, J. Kim, A.I. Rozhok, Y.A. Chen, X. Zhang, L. Song,
Y. Bai, B. Fang, R.Z. Liu, J. Koomen, A.C. Tan, J. Degregori, E.B. Haura, Coupling
an EML4-ALK-centric interactome with RNA interference identifies sensitizers to
ALK inhibitors, Sci. Signal. 9 (2016), https://doi.org/10.1126/scisignal.aaf5011.
F. Corra, C. Agnoletto, L. Minotti, F. Baldassari, S. Volinia, The network of non-
coding RNAs in cancer drug resistance, Front Oncol. 8 (2018) 327, https://doi.
org/10.3389/fonc.2018.00327.

K. Liu, L. Gao, X. Ma, J.J. Huang, J. Chen, L. Zeng, C.R.Jr Ashby, C. Zou, Z.

S. Chen, Long non-coding RNAs regulate drug resistance in cancer, Mol. Cancer
19 (2020) 54, https://doi.org/10.1186/s12943-020-01162-0.

P. Mendik, M. Kerestély, S. Kamp, D. Deritei, N. Kunsi¢, Z. Vassy, P. Csermely, D.
V. Veres, Translocating proteins compartment-specifically alter the fate of
epithelial-mesenchymal transition in a compartmentalized Boolean network
model, NPJ Syst. Biol. Appl. 8 (2022) 19, https://doi.org/10.1038/541540-022-
00228-7.

M.J. Al-Imam, U.A. Hussein, F.F. Sead, A.M.A. Faqri, S.M. Mekkey, A.J. Khazel,
H.A. Almashhadani, The interactions between DNA methylation machinery and
long non-coding RNAs in tumor progression and drug resistance, DNA Repair.
128 (2023) 103526, https://doi.org/10.1016/j.dnarep.2023.103526.

P.M. Schnepp, A. Ahmed, J. Escara-Wilke, J. Dai, G. Shelley, J. Keller,

A. Mizokami, E.T. Keller, Transcription factor network analysis based on single
cell RNA-seq identifies that Trichostatin-a reverses docetaxel resistance in
prostate cancer, BMC Cancer 21 (2021) 1316, https://doi.org/10.1186/512885-
021-09048-0.

Y. Jin, F. Li, C. Zheng, Y. Wang, Z. Fang, C. Guo, X. Wang, H. Liu, L. Deng, C. Li,
H. Wang, H. Chen, Y. Feng, H. Ji, NEDD9 promotes lung cancer metastasis
through epithelial-mesenchymal transition, Int. J. Cancer 134 (2014) 2294-2304,
https://doi.org/10.1002/ijc.28568.

M.K. Jolly, J.A. Somarelli, M. Sheth, A. Biddle, S.C. Tripathi, A.J. Armstrong, S.
M. Hanash, S.A. Bapat, A. Rangarajan, H. Levine, Hybrid epithelial/mesenchymal
phenotypes promote metastasis and therapy resistance across carcinomas,
Pharmacol. Ther. 194 (2019) 161-184, https://doi.org/10.1016/j.
pharmthera.2018.09.007.

A. Shomar, O. Barak, N. Brenner, Cancer progression as a learning process,
iScience 25 (2022) 103924, https://doi.org/10.1016/].isci.2022.103924.

S.V. Sharma, D.Y. Lee, B. Li, M.P. Quinlan, F. Takahashi, S. Maheswaran,

U. McDermott, N. Azizian, L. Zou, M.A. Fischbach, K.K. Wong, K. Brandstetter,
B. Wittner, S. Ramaswamy, M. Classon, J. Settleman, A chromatin-mediated
reversible drug-tolerant state in cancer cell subpopulations, Cell 141 (2010)
69-80, https://doi.org/10.1016/j.cell.2010.02.027.

S.M. Shaffer, B.L. Emert, R.A. Reyes Hueros, C. Cote, G. Harmange, D.L. Schaff, A.
E. Sizemore, R. Gupte, E. Torre, A. Singh, D.S. Bassett, A. Raj, Memory sequencing
reveals heritable single-cell gene expression programs associated with distinct
cellular behaviors, Cell 182 (2020) 947-959, https://doi.org/10.1016/j.
cell.2020.07.003.

D. Hanahan, Hallmarks of cancer: new dimensions, Cancer Discov. 12 (2022)
31-46, https://doi.org/10.1158/2159-8290.CD-21-1059.

Z.D. Shi, K. Pang, Z.X. Wu, Y. Dong, L. Hao, J.X. Qin, W. Wang, Z.S. Chen, C.
H. Han, Tumor cell plasticity in targeted therapy-induced resistance: mechanisms
and new strategies, Signal Transduct. Target. Ther. 8 (2023) 113, https://doi.org/
10.1038/541392-023-01383-x.

T. Celia-Terrassa, Y. Kang, How important is EMT for cancer metastasis? PLoS
Biol. 22 (2024) e3002487 https://doi.org/10.1371/journal.pbio.3002487.

L. Schuh, M. Saint-Antoine, E.M. Sanford, B.L. Emert, A. Singh, C. Marr, A. Raj,
Y. Goyal, Gene networks with transcriptional bursting recapitulate rare transient
coordinated high expression states in cancer, Cell Syst. 10 (2020) 363-378,
https://doi.org/10.1016/j.cels.2020.03.004.

E.H. Wilkes, C. Terfve, J.G. Gribben, J. Saez-Rodriguez, P.R. Cutillas, Empirical
inference of circuitry and plasticity in a kinase signaling network, Proc. Natl.
Acad. Sci. USA 112 (2015) 7719-7724, https://doi.org/10.1073/
pnas.1423344112.

M. Das Thakur, F. Salangsang, A.S. Landman, W.R. Sellers, N.K. Pryer, M.

P. Levesque, R. Dummer, M. McMahon, D.D. Stuart, Modelling vemurafenib
resistance in melanoma reveals a strategy to forestall drug resistance, Nature 494
(2013) 251-255, https://doi.org/10.1038/nature11814.

11

[65]

[66]

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]
[77]

[78]

[79]

[80]

[81]

[82]

[83]

[84]

[85]

[86]

[87]

Biomedicine & Pharmacotherapy 183 (2025) 117880

A.J. Kavran, S.A. Stuart, K.R. Hayashi, J.M. Basken, B.J. Brandhuber, N.G. Ahn,
Intermittent treatment of BRAFV°*F melanoma cells delays resistance by
adaptive resensitization to drug rechallenge, Proc. Natl. Acad. Sci. Usa. 119
(2022) €2113535119, https://doi.org/10.1073/pnas.2113535119.

S. Bhattacharya, A. Mohanty, S. Achuthan, S. Kotnala, M.K. Jolly, P. Kulkarni,
R. Salgia, Group behavior and emergence of cancer drug resistance, Trends
Cancer 7 (2021) 323-334, https://doi.org/10.1016/j.trecan.2021.01.009.

M. Ramos Zapatero, A. Tong, J.W. Opzoomer, R. O’Sullivan, F. Cardoso
Rodriguez, J. Sufi, P. Vlckova, C. Nattress, X. Qin, J. Claus, D. Hochhauser,

S. Krishnaswamy, C.J. Tape, Trellis tree-based analysis reveals stromal regulation
of patient-derived organoid drug responses, Cell 186 (2023) 5606-5619, https://
doi.org/10.1016/j.cell.2023.11.005.

A. Hashimoto, H. Handa, S. Hata, S. Hashimoto, Orchestration of mesenchymal
plasticity and immune evasiveness via rewiring of the metabolic program in
pancreatic ductal adenocarcinoma, Front. Oncol. 12 (2022) 1005566, https://doi.
org/10.3389/fonc.2022.1005566.

S.K. Panda, M. Torsiello, A. Rehman, V. Desiderio, V. Del Vecchio, Mitochondrial
transfer between mesenchymal stem cells and cancer cells, Methods Mol. Biol.
2835 (2024) 39-48, https://doi.org/10.1007/978-1-0716-3995-5 4.

X. Zheng, C. Yu, M. Xu, Linking tumor microenvironment to plasticity of cancer
stem cells: mechanisms and application in cancer therapy, Front. Oncol. 11
(2021) 678333, https://doi.org/10.3389/fonc.2021.678333.

P. Csermely, J. Hodségi, T. Korcsméros, D. Mddos, A.R. Perez-Lopez, K. Szalay, D.
V. Veres, K. Lenti, L.Y. Wu, X.S. Zhang, Cancer stem cells display extremely large
evolvability: alternating plastic and rigid networks as a potential Mechanism:
network models, novel therapeutic target strategies, and the contributions of
hypoxia, inflammation and cellular senescence, Semin. Cancer Biol. 30 (2015)
42-51, https://doi.org/10.1016/j.semcancer.2013.12.004.

Z.Z. Ji, M.K. Chan, A.S. Chan, K.T. Leung, X. Jiang, K.F. To, Y. Wu, P.M. Tang,
Tumour-associated macrophages: versatile players in the tumour
microenvironment, Front. Cell. Dev. Biol. 11 (2023) 1261749, https://doi.org/
10.3389/fcell.2023.1261749.

K. Tarte, Role of the microenvironment across histological subtypes of NHL,
Hematology 2017 (2017) 610-617, https://doi.org/10.1182/asheducation-
2017.1.610.

C.M. Schneider, A.A. Moreira, J.S.Jr Andrade, S. Havlin, H.J. Herrmann,
Mitigation of malicious attacks on networks, Proc. Natl. Acad. Sci. USA. 108
(2011) 3838-3841, https://doi.org/10.1073/pnas.1009440108.

C. Priester, S. Schmitt, T.P. Peixoto, Limits and trade-offs of topological network
robustness, PLoS One 4 (2014) e108215, https://doi.org/10.1371/journal.
pone.0108215.

Y.Y. Liu, J.J. Slotine, A.L. Barabasi, Controllability of complex networks, Nature
473 (2011) 167-173, https://doi.org/10.1038/nature10011.

J. Gao, B. Barzel, A.L. Barabasi, Universal resilience patterns in complex
networks, Nature 530 (2016) 307-312, https://doi.org/10.1038/nature16948.
H. Yang, Y. Xu, D. Shang, H. Shi, C. Zhang, Q. Dong, Y. Zhang, Z. Bai, S. Cheng,
X. Li, ncDRMarker: a computational method for identifying non-coding RNA
signatures of drug resistance based on heterogeneous network, Ann. Transl. Med.
8 (2020) 1395, https://doi.org/10.21037 /atm-20-603.

W. Qi, Q. Zhang, Gene’s co-expression network and experimental validation of
molecular markers associated with the drug resistance of gastric cancer, Biomark.
Med. 14 (2020) 761-773, https://doi.org/10.2217/bmm-2019-0504.

H. Park, R. Yamaguchi, S. Imoto, S. Miyano, Uncovering molecular mechanisms
of drug resistance via network-constrained common structure identification,

J. Comput. Biol. 29 (2022) 257-275, https://doi.org/10.1089/cmb.2021.0314.
S. Latini, V. Venafra, G. Massacci, V. Bica, S. Graziosi, G.M. Pugliese,

M. Iannuccelli, F. Frioni, G. Minnella, J.D. Marra, P. Chiusolo, G. Pepe, M. Helmer
Citterich, D. Mougiakakos, M. Béttcher, T. Fischer, L. Perfetto, F. Sacco, Unveiling
the signaling network of FLT3-ITD AML improves drug sensitivity prediction,
Elife 12 (2024) RP90532, https://doi.org/10.7554/eLife.90532.

S. Gupta, D.A. Silveira, G.P.S. Piedade, M.P. Ostrowski, J.C.M. Mombach, R.

F. Hashimoto, A dynamic Boolean network reveals that the BMI1 and MALAT1
axis is associated with drug resistance by limiting miR-145-5p in non-small cell
lung cancer, Noncoding RNA Res. 9 (2024) 185-193, https://doi.org/10.1016/j.
ncrna.2023.10.008.

F. Eduati, V. Doldan-Martelli, B. Klinger, T. Cokelaer, A. Sieber, F. Kogera,

M. Dorel, M.J. Garnett, N. Bliithgen, J. Saez-Rodriguez, Drug resistance
mechanisms in colorectal cancer dissected with cell type-specific dynamic logic
models, Cancer Res. 77 (2017) 3364-3375, https://doi.org/10.1158/0008-5472.
CAN-17-0078.

J. Gémez Tejeda Zaniudo, M. Scaltriti, R. Albert, A network modeling approach to
elucidate drug resistance mechanisms and predict combinatorial drug treatments
in breast cancer, Cancer Converg. 1 (2017) 5, https://doi.org/10.1186/5412.36-
017-0007-6.

G. Rosenberger, W. Li, M. Turunen, J. He, P.S. Subramaniam, S. Pampou, A.

T. Griffin, C. Karan, P. Kerwin, D. Murray, B. Honig, Y. Liu, A. Califano, Network-
based elucidation of colon cancer drug resistance mechanisms by
phosphoproteomic time-series analysis, Nat. Commun. 15 (2024) 3909, https://
doi.org/10.1038/s41467-024-47957-3.

0. Papp, V. Jordan, S. Hetey, R. Balazs, V. Kaszas, A. Bartha, N.N. Ordasi,

S. Kamp, B. Farkas, J. Mettetal, J.R. Dry, D. Young, B. Sidders, K.C. Bulusu, D.
V. Veres, Network-driven cancer cell avatars for combination discovery and
biomarker identification for DNA damage response inhibitors, NPJ Syst. Biol.
Appl. 10 (2024) 68, https://doi.org/10.1038/541540-024-00394-w.

A.L. Hopkins, Network pharmacology: the next paradigm in drug discovery, Nat.
Chem. Biol. 4 (2008) 682-690, https://doi.org/10.1038/nchembio.118.


https://doi.org/10.1038/s41467-019-10330-w
https://doi.org/10.1021/acs.chemrev.1c00848
https://doi.org/10.1038/ncomms7685
https://doi.org/10.1038/ncomms7685
https://doi.org/10.3892/ijmm.2017.3288
https://doi.org/10.3892/ijmm.2017.3288
https://doi.org/10.2174/156652413804810745
https://doi.org/10.2174/156652413804810745
https://doi.org/10.1002/iub.1282
https://doi.org/10.1002/iub.1282
https://doi.org/10.1126/scisignal.aaf5011
https://doi.org/10.3389/fonc.2018.00327
https://doi.org/10.3389/fonc.2018.00327
https://doi.org/10.1186/s12943-020-01162-0
https://doi.org/10.1038/s41540-022-00228-7
https://doi.org/10.1038/s41540-022-00228-7
https://doi.org/10.1016/j.dnarep.2023.103526
https://doi.org/10.1186/s12885-021-09048-0
https://doi.org/10.1186/s12885-021-09048-0
https://doi.org/10.1002/ijc.28568
https://doi.org/10.1016/j.pharmthera.2018.09.007
https://doi.org/10.1016/j.pharmthera.2018.09.007
https://doi.org/10.1016/j.isci.2022.103924
https://doi.org/10.1016/j.cell.2010.02.027
https://doi.org/10.1016/j.cell.2020.07.003
https://doi.org/10.1016/j.cell.2020.07.003
https://doi.org/10.1158/2159-8290.CD-21-1059
https://doi.org/10.1038/s41392-023-01383-x
https://doi.org/10.1038/s41392-023-01383-x
https://doi.org/10.1371/journal.pbio.3002487
https://doi.org/10.1016/j.cels.2020.03.004
https://doi.org/10.1073/pnas.1423344112
https://doi.org/10.1073/pnas.1423344112
https://doi.org/10.1038/nature11814
https://doi.org/10.1073/pnas.2113535119
https://doi.org/10.1016/j.trecan.2021.01.009
https://doi.org/10.1016/j.cell.2023.11.005
https://doi.org/10.1016/j.cell.2023.11.005
https://doi.org/10.3389/fonc.2022.1005566
https://doi.org/10.3389/fonc.2022.1005566
https://doi.org/10.1007/978-1-0716-3995-5_4
https://doi.org/10.3389/fonc.2021.678333
https://doi.org/10.1016/j.semcancer.2013.12.004
https://doi.org/10.3389/fcell.2023.1261749
https://doi.org/10.3389/fcell.2023.1261749
https://doi.org/10.1182/asheducation-2017.1.610
https://doi.org/10.1182/asheducation-2017.1.610
https://doi.org/10.1073/pnas.1009440108
https://doi.org/10.1371/journal.pone.0108215
https://doi.org/10.1371/journal.pone.0108215
https://doi.org/10.1038/nature10011
https://doi.org/10.1038/nature16948
https://doi.org/10.21037/atm-20-603
https://doi.org/10.2217/bmm-2019-0504
https://doi.org/10.1089/cmb.2021.0314
https://doi.org/10.7554/eLife.90532
https://doi.org/10.1016/j.ncrna.2023.10.008
https://doi.org/10.1016/j.ncrna.2023.10.008
https://doi.org/10.1158/0008-5472.CAN-17-0078
https://doi.org/10.1158/0008-5472.CAN-17-0078
https://doi.org/10.1186/s41236-017-0007-6
https://doi.org/10.1186/s41236-017-0007-6
https://doi.org/10.1038/s41467-024-47957-3
https://doi.org/10.1038/s41467-024-47957-3
https://doi.org/10.1038/s41540-024-00394-w
https://doi.org/10.1038/nchembio.118

D. Keresztes et al.

[88]

[89]

[90]

[91]

[92]

[93]

[94]

[95]

[96]

[97]

[98]

[99]

[100]

[101]

[102]

[103]

[104]

[105]

[106]

C. Nogales, Z.M. Mamdouh, M. List, C. Kiel, A.I. Casas, H.H.H.W. Schmidt,
Network pharmacology: curing causal mechanisms instead of treating symptoms,
Trends Pharmacol. Sci. 43 (2022) 136-150, https://doi.org/10.1016/].
tips.2021.11.004.

M.H. Dias, A. Friskes, S. Wang, J.M. Fernandes Neto, F. van Gemert, S. Mourragui,
C. Papagianni, H.J. Kuiken, S. Mainardi, D. Alvarez-Villanueva, C. Lieftink,

B. Morris, A. Dekker, E. van Dijk, L.H.S. Wilms, M.S. da Silva, R.A. Jansen,

A. Mulero-Sénchez, E. Malzer, A. Vidal, C. Santos, R. Salazar, R.A.M. Wailemann,
T.E.P. Torres, G. De Conti, J.A. Raaijmakers, P. Snaebjornsson, S. Yuan, W. Qin, J.
S. Kovach, H.A. Armelin, H. Te Riele, A. van Oudenaarden, H. Jin, R.

L. Beijersbergen, A. Villanueva, R.H. Medema, R. Bernards, Paradoxical
activation of oncogenic signaling as a cancer treatment strategy, Cancer Discov.
14 (2024) 1276-1301, https://doi.org/10.1158/2159-8290.CD-23-0216.

T. Kurata, K. Tamura, H. Kaneda, T. Nogami, H. Uejima, Go, G. o Asai,

K. Nakagawa, M. Fukuoka, Effect of re-treatment with gefitinib (Iressa’, ZD1839)
after acquisition of resistance, Ann. Oncol. 15 (2004) 173-174, https://doi.org/
10.1093/annonc/mdh006.

S. Huang, Reconciling non-genetic plasticity with somatic evolution in cancer,
Trends Cancer 7 (2020) 309-322, https://doi.org/10.1016/j.trecan.2020.12.007.
J. Closon, M. Content, Le myleran dans la leucémie myéloide chronique; intérét
du traitement d'entretien systématique [Myleran in chronic myeloid leukemia;
importance of systematic maintenance therapy, Rev. Belg. Pathol. Med. Exp. 25
(1956) 413-430.

H. de Thé, Differentiation therapy revisited, Nat. Rev. Cancer 18 (2018) 117-127,
https://doi.org/10.1038/nrc.2017.103.

N. Bar-Hai, D. Ishay-Ronen, Engaging plasticity: differentiation therapy in solid
tumors, Front. Pharm. 13 (2022) 944773, https://doi.org/10.3389/
fphar.2022.944773.

N.V. Kukushkin, R.E. Carney, T. Tabassum, T.J. Carew, The massed-spaced
learning effect in non-neural human cells, Nat. Commun. 15 (2024) 9635,
https://doi.org/10.1038/s41467-024-53922-x.

B.Z. Stanton, E.J. Chory, G.R. Crabtree, Chemically induced proximity in biology
and medicine, Science 359 (2018) 1117, https://doi.org/10.1126/science.
aao5902.

J. White, F.A. Derheimer, K. Jensen-Pergakes, S. O’Connell, S. Sharma,

N. Spiegel, T.A. Paul, Histone lysine acetyltransferase inhibitors: an emerging
class of drugs for cancer therapy, Trends Pharmacol. Sci. 45 (2024) 243-254,
https://doi.org/10.1016/j.tips.2024.01.010.

N. Stoup, M. Liberelle, N. Lebegue, I. Van Seuningen, Emerging paradigms and
recent progress in targeting ErbB in cancers, Trends Pharmacol. Sci. 45 (2024)
552-576, https://doi.org/10.1016/j.tips.2024.04.009.

E. Pagano, B. Romano, D. Cicia, F.A. Iannotti, T. Venneri, G. Lucariello, M.

F. Nani, F. Cattaneo, P. De Cicco, M. D’Armiento, M. De Luca, R. Lionetti,

S. Lama, P. Stiuso, P. Zoppoli, G. Falco, S. Marchiano, S. Fiorucci, R. Capasso,
V. Di Marzo, F. Borrelli, A.A. Izzo, TRPMS indicates poor prognosis in colorectal
cancer patients and its pharmacological targeting reduces tumour growth in mice
by inhibiting Wnt/p-catenin signalling, Br. J. Pharmacol. 180 (2023) 235-251,
https://doi.org/10.1111/bph.15960.

F. Li, T.Y. Wong, S.M. Lin, S. Chow, W.H. Cheung, F.L. Chan, S. Chen, L.K. Leung,
Coadministrating luteolin minimizes the side effects of the aromatase inhibitor
letrozole, J. Pharmacol. Exp. Ther. 351 (2014) 270-277, https://doi.org/
10.1124/jpet.114.216754.

S.K. Padda, J.V. Aredo, S. Vali, N.K. Singh, S.M. Vasista, A. Kumar, J.W. Neal,
T. Abbasi, H.A. Wakelee, Computational biological modeling identifies PD-(L)1
immunotherapy sensitivity among molecular subgroups of KRAS-mutated non-
small-cell lung cancer, JCO Precis. Oncol.. (5) (2021) 153-162, https://doi.org/
10.1200/P0.20.00172.

M. Castro, A. Pampana, A. Alam, R. Parashar, S. Rajagopalan, D.A. Lala, K.G.
G. Roy, S. Basu, A. Prakash, P. Nair, V. Joseph, A.G.P. Agarwal, L. Behura,

S. Kulkarni, N.R. Choudhary, S. Kapoor, Combination chemotherapy versus
temozolomide for patients with methylated MGMT (m-MGMT) glioblastoma:
results of computational biological modeling to predict the magnitude of
treatment benefit, J. Neurooncol. 153 (2021) 393-402, https://doi.org/10.1007/
5s11060-021-03780-0.

M.P. Castro, N. Khanlou, A. Fallah, A. Pampana, A. Alam, D.A. Lala, K.G.G. Roy,
A.R.R. Amara, A. Prakash, D. Singh, L. Behura, A. Kumar, S. Kapoor, Targeting
chromosome 12q amplification in relapsed glioblastoma: the use of
computational biological modeling to identify effective therapy-a case report,
Ann. Transl. Med. 10 (2022) 1289, https://doi.org/10.21037 /atm-2022-62.

C. Bunne, Y. Roohani, Y. Rosen, A. Gupta, X. Zhang, M. Roed, T. Alexandrov,
M. AlQuraishi, P. Brennan, D.B. Burkhardt, A. Califano, J. Cool, A.F. Dernburg,
K. Ewing, E.B. Fox, M. Haury, A.E. Herr, E. Horvitz, P.D. Hsu, V. Jain, G.

R. Johnson, T. Kalil, D.R. Kelley, S.O. Kelley, A. Kreshuk, T. Mitchison, S. Otte,
J. Shendure, N.J. Sofroniew, F. Theis, C.V. Theodoris, S. Upadhyayula, M. Valer,
B. Wang, E. Xing, S. Yeung-Levy, M. Zitnik, T. Karaletsos, A. Regev, E. Lundberg,
J. Leskovec, S.R. Quake, How to build the virtual cell with artificial intelligence:
priorities and opportunities, Cell 187 (2024) 7045-7063, https://doi.org/
10.1016/j.cell.2024.11.015.

N.A. Valous, F. Popp, I. Zornig, D. Jager, P. Charoentong, Graph machine learning
for integrated multi-omics analysis, Br. J. Cancer 131 (2024) 205-211, https://
doi.org/10.1038/s41416-024-02706-7.

B. Lombardi, P. Ashford, A.A. Moya-Garcia, A. Rust, M. Crawford, S.V. Williams,
M.A. Knowles, M. Katan, C. Orengo, J. Godovac-Zimmermann, Unique signalling
connectivity of FGFR3-TACC3 oncoprotein revealed by quantitative
phosphoproteomics and differential network analysis, Oncotarget 8 (2017)
102898-102911, https://doi.org/10.18632/oncotarget.22048.

12

Biomedicine & Pharmacotherapy 183 (2025) 117880

[107] A. Niarakis, D. Waltemath, J. Glazier, F. Schreiber, S.M. Keating, D. Nickerson,
C. Chaouiya, A. Siegel, V. Noél, H. Hermjakob, T. Helikar, S. Soliman, L. Calzone,
Addressing barriers in comprehensiveness, accessibility, reusability,
interoperability and reproducibility of computational models in systems biology,
Brief. Bioinform. 23 (2022) bbac212, https://doi.org/10.1093/bib/bbac212.
L.T. Tatka, L.P. Smith, J.L. Hellerstein, H.M. Sauro, Adapting modeling and
simulation credibility standards to computational systems biology, J. Transl. Med.
21 (2023) 501, https://doi.org/10.1186/512967-023-04290-5.

L. Eckhart, K. Lenhof, L.M. Rolli, H.P. Lenhof, A comprehensive benchmarking of
machine learning algorithms and dimensionality reduction methods for drug
sensitivity prediction, Brief. Bioinform. 25 (2024) bbae242, https://doi.org/
10.1093/bib/bbae242.

B.L. Puniya, M. Verma, C. Damiani, S. Bakr, A. Drager, Perspectives on
computational modeling of biological systems and the significance of the SysMod
community, Bioinform. Adv. 4 (2024) vbae090, https://doi.org/10.1093/bioadv/
vbae090.

L. Ali, M.H. Abdel Aziz, Crosstalk involving two-component systems in
Staphylococcus aureus signaling networks, J. Bacteriol. 206 (2024) e0041823,
https://doi.org/10.1128/jb.00418-23.

S.W. Noh, R.R. Seo, H.J. Park, H.W. Jung, Two Arabidopsis homologs of human
lysine-specific demethylase function in epigenetic regulation of plant defense
responses, Front. Plant Sci. 12 (2021) 688003, https://doi.org/10.3389/
fpls.2021.688003.

1. El Meouche, P. Jain, M.K. Jolly, J.P. Capp, Drug tolerance and persistence in
bacteria, fungi and cancer cells: role of non-genetic heterogeneity, Transl. Oncol.
49 (2024) 102069, https://doi.org/10.1016/j.tranon.2024.102069.

H. Ye, M. Sun, S. Huang, F. Xu, J. Wang, H. Liu, L. Zhang, W. Luo, W. Guo, Z. Wu,
J. Zhu, H. Li, Gene network analysis of hepatocellular carcinoma identifies
modules associated with disease progression, survival, and chemo drug
resistance, Int. J. Gen. Med. 14 (2021) 9333-9347, https://doi.org/10.2147/
1JGM.S336729.

Y.E. Huang, S. Zhou, H. Liu, X. Zhou, M. Yuan, F. Hou, S. Chen, J. Chen, L. Wang,
W. Jiang, DRdriver: identifying drug resistance driver genes using individual-
specific gene regulatory network, Brief. Bioinform. 24 (2023) bbad066, https://
doi.org/10.1093/bib/bbad066.

J. Zhang, W. Zhu, Q. Wang, J. Gu, L.F. Huang, X. Sun, Differential regulatory
network-based quantification and prioritization of key genes underlying cancer
drug resistance based on time-course RNA-seq data, PLoS Comput. Biol. 15 (2019)
1007435, https://doi.org/10.1371/journal.pcbi.1007435.

G. Lebedeva, A. Sorokin, D. Faratian, P. Mullen, A. Goltsov, S.P. Langdon, D.

J. Harrison, I. Goryanin, Model-based global sensitivity analysis as applied to
identification of anti-cancer drug targets and biomarkers of drug resistance in the
ErbB2/3 network, Eur. J. Pharm. Sci. 46 (2012) 244-258, https://doi.org/
10.1016/j.jps.2011.10.026.

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

Glossary

Anti-Hebbian learning: decrease of those connection strengths (network edge weights)
which participated in the transmission of a stimulus that was repeated too often, or
became too large or continuous. Anti-Hebbian learning is also a form of cellular
forgetting.

Cellular forgetting: occurs continuously as a result of cellular noise. However, cells can
also induce forgetting of special signaling pathways, which became too frequently
used by too often repeated or continuous signals. This often happens by desensitiza-
tion or pathway reconfiguration.

Cellular learning: adaptation of single, non-neuronal cell networks to produce a faster,
stronger and more stable response to external stimuli repeated a few times. Often
involves increasing strength of those network interactions which participated in the
signal transmission after the repeated stimulus.

Cellular memory: persistent changes in molecular networks (especially signaling net-
works) of individual cells after a repeated stimulus.

Cellular memory drugs: drugs or drug combinations based on cellular memory formation
or cellular forgetting mechanisms.

Chromatin memory: altered 3D chromatin structure providing different accessibility of
genes for transcription after a repeated signal. Histone and DNA modifications play
key roles in chromatin memory development.

Epigenetic memory: chromatin memory induced by a previous signal, which is heritable
through cell generations.

Epidrugs: inhibitors of the epigenetic modifying proteins DNA methyltransferase, histone
deacetylase, histone methyltransferase and histone methylase inducing epigenetic
inheritance.

Epithelial-mesenchymal transition (EMT): a process where epithelial cells lose their cell
polarity and cell-cell adhesion and gain migratory and invasive properties to become
mesenchymal cells. EMT induces cancer metastases and may lead to cancer stem cell
formation.

Hebbian learning: increase of those connection strengths (network edge weights) which
participated in the transmission of a repeated stimulus.

Network module: a group of network nodes having a denser connection structure than
their connection density with nodes in adjacent modules.

Network pharmacology: a novel area of drug design using molecular networks to suggest
treatments, such as appropriate drug combinations.

Network plasticity: ability of fast network reconfigurations in response to external stimuli.
Network plasticity is achieved, e.g. by network noise, conformational plasticity of
IDPs and fast reconfiguration of feedback loops.

Network robustness: ability to maintain key cellular functions through cellular learning
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and through tolerance of fluctuations in protein-protein interactions and cellular noise Scaffolding proteins: proteins, which connect adjacent signaling components, and thus
of stochastic molecular processes. Becomes enhanced by feedback controls, redun- make their interaction stronger, faster and more robust against cellular noise.
dancy (i.e. functionally equivalent network parts) and by network modularity.
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