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1. Introduction 

“Down to their innate molecular core, cancer cells are hyperactive, survival-endowed, 

scrappy, fecund, inventive copies of ourselves.” 

― Siddhartha Mukherjee, The Emperor of All Maladies: A Biography of Cancer 

1.1. The development of cancer 

Cancer is a disease emerging from cumulated genetic changes leading to sustained 

proliferation. Besides proliferation, other common properties of cancer cells and the 

tumour microenvironment have been observed, categorised as the hallmarks of cancer 

[1]. These include angiogenesis, escaping the immune system, evading apoptosis, 

invasion and metastasis, all contributing to sustain the growth of cancers. These 

phenotypic changes through dysregulated signalling pathways effected by genetic events 

and environmental factors, may lead to somatic evolution and cell state changes [2]. The 

dysregulation can be at different regulatory levels, such as genetic changes, epigenetic 

silencing or enhancements, overexpression, and posttranslational regulations effecting 

protein translocation or degradation [3]. As we have more information about these 

complex changes, understanding may require system-level tools to understand the 

changes in key signalling pathways of cancer cells [4]. 

One core example is the MAPK (mitogen activated protein kinase) pathway, a conserved 

signalling cascade where extracellular mitogens activate RAS, leading to subsequent 

phosphorylation of RAF, MEK, and ERK proteins to regulate cell proliferation, survival, 

and differentiation through downstream effectors [5]. Dysregulation of this pathway often 

sets the stage for malignant transition, causing excessive proliferation. Consequently, 

there are approved drugs targeting this pathway, such as the inhibitors of MEK and 

KRAS, most frequently given in melanoma [6]. Even though MAPK mutations can 

foreshadow the intrinsic effectivity of these treatments, there are no biomarkers available 

for longitudinal clinical decision support. Further, expression-level biomarkers would be 

necessary to monitor the efficacy of these treatments and quickly inform about the drug’s 

emerging infectivity before clinical complications occur. 

Even though MAPK pathway inhibitors are not routinely applied in colon cancer, the 

pathway is still essential in colon carcinogenesis [7]. This path of healthy cells to acquire 
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the cancerous phenotype is thoroughly researched in colon cancer, including detailed 

genetic events from healthy colon through colon adenoma to colon adenocarcinoma 

through years or even decades. The classic normal–adenoma–carcinoma sequence is 

governed by stepwise accumulation of driver mutations, beginning with the loss of APC 

or other Wnt‑pathway disruption in normal colon cells [8]. Changes in cancer cell 

signalling come alongside with changes in the tumour microenvironment and cell-cell 

interactions [9]. This process initiates small adenomas, while further activating KRAS 

mutations in the adenoma cells promote growth into larger, dysplastic adenomas, as 

constitutively active KRAS induces the MAPK pathway. Finally, alterations such as TP53 

and SMAD4 inactivation and chromosomal instability enable malignant transformation 

into invasive carcinoma, requiring not only surgical but oncological intervention [10].  

Even though the mutation sequence seems like a clear-cut process, these single mutations 

might lead to global network signalling changes underscoring the system-level concept 

of carcinogenesis. Previously, system biology approaches were made to understand 

differences between normal colon and colon carcinoma  [11], and even from adenoma to 

carcinoma [12]. However, comprehensive network modelling of colon carcinogenesis 

involving colon adenoma as an important tumorous but not malignant stage of cancer 

development was not yet made. Adding colon adenoma to a 3-step model of colon 

carcinogenesis can potentially highlight what global network changes are truly happening 

between the normal-adenoma and the adenoma-carcinoma development [13].  

1.2. Therapy resistance 

Therapy resistance is one of the key challenges in medical oncology today, causing 

ineffective treatments and unnecessary toxicity, while conferring a financial burden on 

the medical system [14]. This resistance can be the internal attribute of the given patient 

or cancer type, i.e., intrinsic resistance, or acquired after starting the treatment, i.e., 

acquired resistance. Intrinsic resistance may be caused by pre-existing mutations or 

signalling patterns, or the pharmacokinetics of the drug, such as fast metabolism or 

inefficient transfer of the drug [15]. Various underlying mechanisms leading to acquired 

drug resistance were discovered, from newly acquired mutations to drug efflux pumps 

and microenvironmental changes to activated cross-talks in signalling pathways 

redirecting information flow [16]. Regardless of the details of the resistance mechanism, 
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the consequent changes affect the whole cellular signalling machinery [17]. Detecting 

these global signalling changes or their proxies, i.e., key resistance-indicating proteins in 

time can lead to early detection of resistance, sparing the patient from clinically 

significant progression and unnecessary toxicities. 

“Forgetting”, i.e., rearrangement of cellular networks is a framework able to describe 

therapy resistance. As it was recently proposed, the cell ‘forgets’ drug-related pathways 

during drug adaptation and re-learns new ways of signalling [18]. Intrinsically disordered 

proteins (IDPs) participate in the treatment adaptation process with their transitional 

conformational changes. However, as discussed above, adaptation to a drug treatment can 

take many forms, and it is not always trivial which pathways and cross-talks the cell 

‘learns’. Thus, it is important to identify key markers of different adaptation styles, as 

they can help to predict treatment responses. One famous example is breast cancer, where 

it is a frequent treatment adaptation strategy to shift between subtypes and change the 

expression of hormone receptors and HER2 [19]. This change comes with clinical 

consequences, as the tumour usually loses sensitivity to the previous treatment and may 

require another one. Motivated by this well-known example, defining and describing 

further adaptation states with preferably sensitive and specific markers is a key goal in 

current cancer research. However, the identification of these markers is not always 

straightforward, setting the stage to system-level analyses. The question is how we can 

detect the cellular forgetting process and what therapy changes we can implement to 

tackle the adaptation by rather causing the “forgetting”, i.e., circumventing the unwanted 

signalling processes [20]. 

1.3. Biomarkers in cancer therapy 

One of the possible ways to tackle therapy resistance is identifying predictive biomarkers 

and signatures indicating intrinsic or acquired therapy resistance in time, to avoid or quit 

ineffective treatments as soon as possible [21]. As these decisions deeply affect patient 

survival, the biomarker must be trusted by the patient and the medical personnel for 

clinical decision-making. Thus, a good predictive biomarker should be sensitive, specific, 

and preferably easily and cheaply detectable. Biomarkers can be selected from all kinds 

of biological entities, from DNA mutations through RNA and protein expression to 

metabolic changes. Protein immunohistochemistry and gene mutation analysis are the 
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most often performed [6, 19] and are among the cheapest biomarker diagnostic methods. 

Other biomarker types such as RNA expression, are less frequently used in clinical 

settings, however, they are still important for exploratory analyses [22]. Traditional 

biomarkers can be detected from cancer tissue acquired with invasive biopsies. Less 

invasive methods such as liquid biopsy allow more frequent testing but often lack 

sensitivity and cost-effectivity [23]. The selection method of the biomarkers can extend 

from high-throughput sequencing and bioinformatic screening to smaller laboratory 

experiments and their tactical, consequent combination to validate the findings [24]. In 

the end, clinical validation showing the selectiveness, sensitivity and the added value of 

the biomarker is always necessary before medical use. However, validating biomarkers 

on patients is costly and comes with some risk. Thus, effective selection and pre-testing 

of biomarkers is needed with cost-effective tools such as screening with bioinformatic 

tools or cell lines [25]. 

1.4. Intrinsically disordered proteins and long non-coding 

RNAs in cancer 

Intrinsically disordered proteins highly contribute to cancer signalling and therapy 

adaptation. They are essential in cancer signalling due to their flexible structure [26]. 

Their relaxed conformation introduces conformational noise into cellular networks and 

promotes cells to switch phenotypes due to genetic and non-genetic effects. This 

phenotype switching can even be reversible through similar mechanisms, changing 

between a drug sensitive and resistant state [26]. Their adaptive binding pattern allows 

them to engage in various interactions, leading to pathological processes. Perturbations, 

such as therapeutic effects or outside stressors, often result in an increased expression of 

IDPs. This brings flexibility in the signalling network, allowing it to discover the network 

search space to find the optimal phenotype. Due to this adaptive potential, they often have 

central signalling roles in disease networks, including cancer. 

From a signalling standpoint, IDPs would make good drug targets due to their regulatory 

role in networks and importance in cancer. However, due to their changing structure, they 

have been considered undruggable and targeting them still poses significant challenges 

today [27]. A few approaches exist to target this, such as targeting the non-disordered 

regions of IDPs, interactions with other proteins or DNA, or the most hydrophobic parts 
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of the protein. This can be combined with the screening of large molecular libraries to 

find effective binding partners or designing partners for their binding surfaces. One 

example is c-Myc, a central hub in the signalling of aggressive cancers, which has been 

historically difficult to target [27]. Currently, a few potent c-Myc inhibitors exist, but no 

drug has been approved yet for clinical use. 

Drug targeting is not the only way to exploit the importance of IDPs in cancer signalling. 

Disordered proteins can generally fit the criteria of a cancer biomarker due to their 

flexible structure allowing phenotype switching during adaptation. Consequently, they 

should be screened as biomarkers, especially for treatment response prediction. Cancer 

testis antigens, often disordered themselves, were already mentioned in the literature as 

good biomarker candidates, supporting these claims [28]. Testing this hypothesis with a 

high-throughput screening of intrinsically disordered proteins may help to discover 

effective biomarkers, while learning more about the role of protein structure in signalling 

networks. 

Long non‑coding RNAs (lncRNAs), defined as non-coding RNAs longer than 200 

nucleotides, were previously considered ‘junk’ RNAs, as their function was not identified 

at the time [29]. These transcripts might have been the subjects of weaker selective 

pressure, thus providing an opportunity for innovative regulatory functions to emerge. 

This phenomenon is called constructive neutral evolution, which similarly to other 

somatic evolution mechanisms, might be present in cancer environments in a smaller 

scale. Aberrant lncRNA expression has been previously observed in cancer patients, 

supporting that they are affected by the signalling dysregulation of cancer cells [30]. 

Evidence also shows that they might be able to regulate oncogene expression by their 

transcriptional suppression function, as anti-sense transcripts often interfere with their 

sense pairs, and sense transcripts might be related to chromatin remodelling [29]. 

LncRNAs are attractive cancer biomarkers because they are often secreted by tumour 

cells or released by necrosis into bodily fluids. They often sponge protein and miRNA 

partners to avoid degradation. Many of the secreted lncRNAs are stably present and 

quantifiable in easily accessible body fluids like peripheral blood with RT‑qPCR, 

enabling minimally invasive and sensitive detection of tumour‑associated expression 

changes. Frequent liquid biopsies for lncRNA biomarker measurement can help early 
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detection of therapy resistance, and continuous decision support during a treatment course 

[30]. Even though the role and function of lncRNAs in signalling is not always clear, we 

hypothesise that with thorough testing, it is possible to identify pan-cancer pathway-

specific lncRNAs dysregulated in cancer without knowing their detailed role in 

regulation. These lncRNAs or lncRNA panels, if detectable in tumour or peripheral blood 

samples, may be suitable for longitudinal clinical decision support during pathway-

targeting cancer treatment. To establish this, the pan-cancer pathway-specificity of 

lncRNAs must be established in simple models such as cell lines, to later continue further 

testing in animal experiments and clinical settings with the most successful candidates. 

1.5. In silico methods to understand cancer signalling 

Network topology, i.e., descriptive network science can provide insights into therapy 

resistance and aid the discovery of network-defined biomarkers via analysing static local 

and global network attributes [17]. Among these, network motifs, i.e., small subnetworks 

with higher abundance in natural networks compared to random networks, serve 

important roles in perturbation propagation [31]. Recently, it was shown that co-

regulation in network motifs is stronger than a simple connection [32], which may help 

to more precisely detect the signalling changes with the blockade of the target protein, 

attributed to sensitive and specific biomarkers. Network centrality values such as 

betweenness centrality can show the most influential nodes in the network. Bridgeness 

centrality values show the key signal transductor proteins between modules i.e. functional 

units of the network [33]. Network topological studies also have shown that IDPs are 

major contributors to information flow within signalling networks and tend to interact 

with the most central nodes, creating an interface between these network hubs and the 

rest of the network [34]. However, more detailed network topological studies about IDPs 

are not yet conducted. All this calls for the screening of network motifs to test if they 

indeed contain targets and biomarkers. Other annotations, such as centrality values or 

protein disorder content might help to narrow down the search field and increase 

efficiency. This also raises the question: which features and annotations, including motif 

analysis, centrality values, disorder content values or other biological or network 

topological annotations lead to the most effective biomarker prediction, i.e., determine 
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what a good biomarker is. Identifying these key features can possibly help to understand 

biomarkers from a network scientific perspective. 

Machine learning methods can effectively contribute to high-throughput biomarker 

detection methods by ranking findings and predicting new biomarkers based on previous 

knowledge, as shown before [35-37]. However, machine learning and other artificial 

intelligence methods are often viewed as ‘black box’ methods, where the reasoning 

behind the decisions is not always clear. Tree-based methods like XGBoost [38] and 

Random Forest [39] combine effectivity with interpretability by providing the learnt 

decision tree, which is highly valuable when planning for clinical approval. Feature 

importance analysis methods like the SHAP package [40] using the Shapley values of 

game theory to rank the most important features in decision making further helps to see 

the rationale behind the predictions. Still, it is important to thoroughly select the data used 

to train the machine learning models to avoid overfitting and misleading predictions [41]. 

Also, applying machine learning methods such as cross-validation and feature selection 

to test if there is any overfitting is necessary [42]. Harmonising the results of multiple 

models may also help to create more robust predictions [43]. It is also important to check 

that the predictions are logical and medically relevant, to ensure the validity of new 

predictions before further, expensive experimental and clinical testing. One way is to look 

up if any of the predicted biomarkers from the neighbour-target pairs have been described 

as biomarkers to their target pairs before but did not end up in the training set. Confirming 

that the model predicts actual biomarkers validates the method. 

The question, whether applying the above principles to high-throughput predictive 

biomarker prediction results in an effective, high-throughput tool and a narrowed list of 

potential biomarkers, still must be validated. It is also a question whether using no cancer-

specific experimental or expression data, just the derived network structure and 

annotations, is enough for prediction and can result in an effective pan-cancer model. We 

hypothesised and proved that the curated combination of rich network topology data and 

biological attributes can lead to effective and medically relevant biomarker predictions 

[44]. This may provide a selection of potentially predictive biomarker proteins ready for 

further testing or bring us closer to understand the behaviour of predictive cancer 

biomarkers at a network science level. 
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2.  Objectives 

2.1. Overall objective 

The main objective of the study was to understand signalling changes in cancer better 

with the tools of network science, machine learning and experimental biology, while 

identifying predictive biomarkers for cancer targeted therapeutics. 

2.2. Specific objectives 

As this PhD research included collaborative work and an international research 

scholarship, multiple different projects tackling cancer signalling and biomarker detection 

were conducted with different methodologies. We highlight the value of these 

methodologies by using examples from the MAPK pathway throughout this thesis, which 

is a core signalling pathway governing proliferation in cancer cells [45]. 

2.2.1. Network topology changes in cancer development 

For the colon carcinogenesis modelling project, the goal was to assess system-level 

changes during transition from healthy colon through colon adenoma to colon carcinoma 

from a network topology standpoint. 

2.2.2. Network-based tool to predict cancer biomarkers 

The goal of the MarkerPredict project was to create a network-based biomarker prediction 

tool using network topology data and biological attributes, including IDP annotations for 

targeted cancer therapies. The goal was also to assess the following hypotheses: a) 

network motif members are more likely to be biomarkers of their neighbours b) IDP 

proteins are more likely to be biomarkers. 

2.2.3. LncRNA biomarker signature for MAPK inhibitor cancer 

therapies 

The goal of the liquid biopsy lncRNA project was to find a pan-cancer lncRNA biomarker 

signature for MAPK pathway activity to detect MAPK inhibitor therapy effectiveness. 
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3. Methods 

In this section, we describe the various commonly used and self-developed methods used 

during the various projects mentioned in this thesis. Many of these methods were 

published or presented by the candidate and her collaborators [13, 44, 46]. 

3.1. Network construction and topology analysis 

3.1.1. Network construction 

A network’s definition relies on its nodes and edges [47]. In case of cell biology networks, 

they are often proteins and their connections, established based on previous experiments. 

For protein-protein interaction networks, the interaction of two proteins is enough, while 

for signalling networks, only regulatory connections are included [48]. Since there are 

many curated open access network databases published, this research mainly customises 

these for downstream analysis instead of de novo network construction. The Human 

Cancer Signalling Network (CSN) only contains genes frequently mutated in cancer [49]. 

It contains both signalling regulations and protein interactions, so the latter were not 

included for signalling motif analysis and biomarker identification. Likewise, the signed 

subnetworks (i.e., positive and negative edges) of the larger SIGNOR [50] and 

ReactomeFI [51] were selected as well to enhance the pool of possible new biomarkers. 

The global topology parameters of these networks differed, and this research aimed to 

exploit this diversity to enable robust biomarker prediction that do not depend on the 

specific network structure (see Table 1). Network density was calculated with the 

following equation: 

( 1 ) 

𝜂 =
2|𝐸|

|𝑉|(|𝑉| − 1)
 

 

where η is network density, |V| is the number of vertices i.e. nodes, and |E| is the number 

of edges in the graph. Triangle motifs were identified with the FANMOD [52] program 

(see Section 3.1.4). Node identification was unified between the networks using UniProt 

IDs from the UniProt [53] database.  
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Table 1. The global topological attributes of the three signed subnetworks used for motif-based 

biomarker prediction. These three models have differing number of nodes and edges, density 

(highlighted as percentage values) and triangles, providing opportunity for network-independent 

biomarker prediction. This table is in the Supplementary Material in the candidate’s open access 

publication and included here with the permission of the co-authors [44]. 

Network CSN SIGNOR ReactomeFI 

No. of nodes 1 229 4 486 9300 

No. of edges 3 144 10 935 128 658 

Network density 0.417% 0.109% 0.298% 

No. of triangles 976 2318 840 505 

 

3.1.2. Edge weight calculations 

To analyse the network topological changes of colon cancer development, the CSN 

network was weighted using healthy colon, colon adenoma and colon adenocarcinoma 

datasets (n=128, 131 and 178, respectively) from the Gene Expression Omnibus database 

[22, 54-57]. The data contained mainly left-sided colon cancer to avoid heterogeneity; 

however, all clinical stages were included to show general colon cancer characteristics. 

These datasets were collected with Borbála Kovács. Then, RNA normalization and 

median aggregation were conducted on this dataset, conducted by our collaborators 

Sebestyén Kamp and János Molnár. Edge weights were considered as the logarithmic of 

the product of RNA abundance values (developed with Borbála Kovács): 

( 2 ) 

𝐿𝑖𝑛𝑘 𝑤𝑒𝑖𝑔ℎ𝑡 𝐴𝐵 =  log10  (𝐴𝑏𝑢𝑛𝑑𝑎𝑛𝑐𝑒 𝐴𝑥 𝐴𝑏𝑢𝑛𝑑𝑎𝑛𝑐𝑒𝐵) 

This formula considers the higher chance of protein interaction with higher abundance – 

as mRNA expression was used as proxy for proteomics in this study. The logarithmic 

transformation can prevent outlying data points dominating the dataset. Following these 

steps resulted in a network model for normal colon, colon adenoma and colon 

adenocarcinoma. 
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3.1.3. Topology parameters 

Multiple topology parameters were used to characterise global and local properties of the 

network models. These parameters were calculated with the NetworkX [58] network 

analysis Python package and the ModuLand [33] Cytoscape [59] plugin suitable for 

module/community identification. Beside these, the direction and sign of edges between 

the drug target and its neighbours in the motifs were also included in the machine learning 

training dataset. 

3.1.3.1. Network diameter 

The network diameter is defined as the longest shortest path between any two nodes in 

the network. Average shortest path length was also computed. The network diameter was 

calculated with a) considering the network directed b) undirected c) mixture of the two, 

keeping the original directions for positive and negative edges and replacing the 

undirected neutral edges with bidirectional edges. Isolated network components were 

removed due to the limitations of diameter calculations. Since NetworkX considers edge 

weights to be path lengths, negative logarithmic transformation, reciprocal transformation 

or inversion (maximum edge weight – actual edge weight) was performed. Shortest paths 

were computed via Dijkstra's algorithm [60]. This script was firstly developed by Zsolt 

Nagy, and the candidate adapted the script.  

3.1.3.2. Centrality values 

Centrality values are helpful to assess importance of certain nodes and edges in the 

networks, providing an important input to the machine learning model. Bridgeness and 

betweenness values were calculated for the three signed subnetworks. The bridgeness 

centrality value was defined by ModuLand [33]: for a given node, it is the sum of the 

smaller of the two modular assignments for every module pairs. This value is high if the 

node equally belongs to two modules, so the node can behave as a “bridge” between them. 

For betweenness centrality, the traditional 1977 definition was used, calculating the 

fraction of shortest paths passing through the given node [61].  

3.1.4. Triangles 

Three-nodal motifs were identified with the FANMOD program [52] with the 

discrimination of positive and negative edges. Fully connected motifs (triangles) were 
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further analysed to find rare regulatory motifs: unbalanced triangles (containing odd 

number of negative edges) and cycles (allowing a walk around the motif from at least one 

direction) as defined in social sciences [62]. 

3.1.5. Modules 

Modules were identified with the ModuLand plugin (for the colon carcinogenesis project, 

run by Borbála Kovács) [33], which has the advantage of focusing on overlapping 

modules and hierarchical layers. It calculates the assignment of the nodes to the 

discovered modules based on influence functions and community centrality, allowing 

module overlaps. Nodes having the largest community centrality and local influence 

organise and integrate the module, allowing us to estimate the biological function of the 

given module. 

3.2. Protein annotation in triangles 

In the biomarker prediction project, proteins in the identified triangles were annotated to 

select protein pairs for further analysis and to add IDP features as inputs of the machine 

learning model. Annotations were performed through UniProt ID matching. 

3.2.1. IDP annotations 

Disordered regions and their ratio in proteins were determined by three different IDP 

annotation methods. DisProt [63] is considered as a gold-standard validated database of 

disordered regions. The AlphaFold [64] database mainly contains structural data, but 

disorder prediction was possible using pLLDT (B-factor) values from downloadable .cif 

files. Average pLLDT and disorder content (the ratio of pLLDT < 50) was calculated. 

With the IUPred [65] Python package, disordered regions were predicted on FASTA files 

from UniProt [53]. Short, long, and globular scores were calculated, but globular scores 

were like long scores, so they were later excluded. Average IUPred scores and disorder 

content values (the ratio of IUPred score > 50) were considered. 

3.2.2. Onco-therapeutic target definition 

Onco-therapeutic targets were established with the My Cancer Genome [66] database. We 

considered target proteins of approved targeted therapies in oncology and haematology 

and immunological drugs in anticancer clinical trials. Each target was individually 
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analysed for multi-kinase inhibitors. The Target Central Resource Database 

(TCRD/PHAROS) [67] was used to identify preclinical targets, filtering to exclude drugs 

in clinical trials based on TCRD and ChEMBL [68]. 

3.2.3. Neighbour-target pairs 

Neighbour-target triangles were defined as triangles that included at least one separate 

approved target member. All the 4550 neighbour-target pair i.e., drug targets paired with 

every possible member from their motifs was identified in the triangles and were used to 

construct the training dataset for machine learning along with their annotation and 

network topological values. 

The CIViCmine [69] text-mining database was used to find biomarkers, separately 

annotating prognostic, predisposing, diagnostic, and predictive biomarkers. CIViCmine 

defined predictive biomarker as a protein helping to predict sensitivity or response to a 

certain drug by its expression level or mutational status. When the neighbour of a target 

served as a predictive biomarker for the drug inhibiting the target, we manually reviewed 

the text-mined articles. These protein pairs were treated as positive controls in the final 

input dataset. 

We defined a negative control set from neighbours that were not present in CIViCmine as 

any type of biomarker. This was supplemented with randomly selected pairs for the 

smaller DisProt-only dataset. We tried a completely randomised approach but resulted in 

worse metrics potentially due to the involvement of strong biomarker candidates in the 

negative set. A cancer hallmark-based approach was also previously applied and showed 

good performance, however, following reviewer feedback regarding the biological 

assumptions underlying this strategy, we replaced it with the current negative set 

definition. The list of positive and negative control was the training dataset, while the 

remaining pairs were classified to predict new potential predictive biomarkers. 

3.3. Machine learning 

Three different binary classification algorithms were tested to predict new potential 

predictive biomarkers; Support Vector Machine and Random Forest (RF) from the Scikit-

learn package and XGBoost (XGB) [38, 39]. Optimal hyperparameters for Random 
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Forest and XGBoost were acquired through competitive halving random search. The 

training dataset consisted of the positive and negative controls (see Section 3.2.3). 

The training dataset includes: 

o Topological parameters 

▪ Networks containing the pair and their triangles 

▪ Motif and rare motif (unbalanced triangles, cycles) counts 

▪ Edge types between the neighbour and targets 

▪ Centrality values (bridgeness, betweenness) 

o Biological annotations 

▪ IDP definitions and the ratio of disordered regions 

▪ Preclinical and approved drug targets 

▪ Drug types (antibody or small molecule) 

Performance was evaluated with multiple data split techniques, such as the 70:30 data 

split 5-fold cross-validation and leave-one-out-cross-validation (LOOCV) [70]. Multiple 

metrics such as receiver operation characteristic area under curve (ROC AUC), precision, 

recall, their harmonic mean (F1-score) and accuracy were calculated [71]. We excluded 

the SVM model from further analysis due to underperformance. Leave-one-out-cross-

validation models were trained on separate feature groups, such as centrality values or 

biological features to show their predicting value. In a separate experiment, we tried the 

systematically cross-classification of networks by training on one network and testing on 

another one to see the pan-network applicability. Final predictions were made on 

unclassified neighbour-target pairs. Combined classification was done for all networks 

and network-specific model. In the same way, combined and IDP annotation-specific 

predictions were also conducted. The predicted class and the probability of each class 

were exported. Feature importances were identified with the game-theory based SHAP 

[40] Python package with a gbtree booster. The MarkerPredict GitHub package contains 

all the codes and input data (https://github.com/klari98/MarkerPredict). This package is 

applicable to other networks and biological problems with the appropriate annotation. 

Gábor Kovács reviewed the codes and helped to solve package dependencies. 
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3.4. Biomarker Probability Score (BPS) calculation 

We defined Biomarker Probability Score (BPS) as a ranking-based probability score 

estimating the neighbour’s biomarker potential for the target’s inhibitor in neighbour-

target pairs. It was calculated from the biomarker probabilities of the final machine 

learning prediction from 32 separate models: using XGB and RF on combined and 

network-specific data. The Biomarker Probability Score (BPS) of each neighbour-target 

pair was defined as the normalised average of the rank of the predictions (descending 

order): 

( 3 ) 

𝐵𝑃𝑆(𝑝) =  1 −
(

∑ 𝑅𝑝,𝑖
𝑛
𝑖=1

𝑛
)

𝑚 − 1
 

 

where R is the rank of the probability of class 1 for the neighbour-target pair in the given 

prediction i, n is the total number of predictions and m is the number of the neighbour-

target pairs. BPS of 1 means the highest biomarker probability and BPS of 0 means lowest 

biomarker probability. 4 BPS scores were calculated for the combined and each IDP-

annotation-specific prediction. BPS correlates well with the original training label (see 

Figure 1). 
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Figure 1. The BPS score versus the original training label of the training dataset. The BPS 

score correlates well with the original labels especially at top and bottom values, showing that 

the score system is suitable to use on the new predictions. This figure is in the candidate’s open 

access publication as Figure 1E and included here with the permission of the co-authors [44]. 

3.5. In vitro and in silico methods used in the pathway 

specific lncRNA identification 

3.5.1. Cell culture and viability 

Lung (A549 [72], HT1299 [73]) and liver (HuH7 [74], Hep3B [75]) maintained by 

Patrizia Birner) cancer cell lines were provided by the laboratory of Prof. Kai Breuhahn. 

Cell lines were cultured in DMEM medium supplemented with 10% foetal bovine serum 

(FCS) and 1% penicillin/streptomycin. Cells were kept at 37 °C with 5% CO2 in a 

humidified atmosphere. They were routinely tested for mycoplasma contamination. 

Viability detection was performed after 1h incubation with 10% dilution of rezonium. 
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3.5.2. Drug treatments, siRNA transfection  

For treatments and transfection, an equal number of cells were seeded after manual cell 

counting. Drug treatments were performed with the MAPK pathway inhibitors trametinib 

and binimetinib (MEK inhibitors; [76], [77]) and ulixertinib and MK-8353 (ERK 

inhibitors; (ERK inhibitors; [78], [79]) alongside with the AKT inhibitor AKTVIII, one 

drug per treatment. A matching DMSO-treated control was used. Cells were treated with 

gene-specific siRNAs as follows. First, cells were washed with Opti-MEM and incubated 

at room temperature for 8 minutes. The siRNA–transfection reagent complex was 

prepared and allowed to mix for 20 minutes at room temperature. Following mixing, 800 

µl Opti-MEM were added to the cells, and 200 µl of the siRNA–reagent solution (solution 

A/B) were then added to each well. Cells were incubated for 4 hours, after which 1 ml of 

complete growth medium was added. The medium was replaced again after 24 hours to 

ensure optimal conditions for gene silencing. As control, non-silencing siRNA was used. 

3.5.3. Western blotting, RNA isolation and real-time quantitative 

PCR (RT-qPCR) 

Protein isolation, Western blotting, RNA extraction and RT-qPCR were conducted as 

recently described by Prof. Kai Breuhahn [80]. Multiple newly designed lncRNA primers 

were tested for each target, designed preferably on exon-exon junctions. Melting curves 

were used for appropriate primer selection. LncRNA candidates with working primers 

were used for further analysis. 

3.5.4. LncRNAseq and bioinformatic analyses 

RNA sequencing including lncRNAs was performed on one NSCLC (A549) and one 

HCC (Hep3B) cell line after 3 hours of trametinib or MK-8353 treatment or DMSO 

control by the BGI company (Hong Kong). RNAseq preprocessing was conducted by 

Carsten Sticht from the Medical Research Centre of Mannheim, Germany. On the pre-

processed RNAseq data, lncRNA candidates were identified among the overlap of 

downregulated lncRNAs in both cell lines and treatments. The survival prediction 

potential of the lncRNA candidates was evaluated on TCGA HCC and NSCLC data. 
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4. Results 

4.1. Key network topology changes in the development of 

colon adenocarcinoma 

In this project, network science tools were used to model the development of colon cancer 

using the cancer-specific Human Cancer Signalling Network (CSN) [49] and open-access 

RNA microarray data [22, 54-57] of healthy colon, colon adenoma and left-sided colon 

adenocarcinoma, aggregating >100 samples per each. Changes in global and local 

network attributes highlighted important changes in the carcinogenesis process. This 

project was conducted in collaboration with Borbála Kovács, the diameter calculation 

method was first developed by Zsolt Nagy, and the data normalization was conducted by 

Sebestyén Kamp and János Molnár. This project was previously published in an open-

access article alongside with other results [13]. 

4.1.1. Network diameter 

Network diameter is a global attribute of signalling networks, defined as the sum of the 

edge weights within the longest shortest path between two nodes [81], describing signal 

propagation in networks. Average shortest path length was also calculated for further 

characterization. 

Using the normal, adenoma and carcinoma network models, multiple calculations were 

conducted (see Table 2), handling the networks as a) undirected, b) directed and c) the 

mixture of the two. As the calculated edge strengths represent connection strengths and 

the used Dijkstra algorithm [60] handles them as distance, multiple approaches were used 

to reverse the values, such as a) negative logarithmic transformation, b) reciprocal 

transformation, c) inversion (for further details, see Methods). The original script was 

written by Zsolt Nagy, while adapting the code and the evaluation of results was 

performed by the candidate. 
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Table 2. Various network diameter calculations in the healthy colon, colon adenoma and colon 

adenocarcinoma network models. Network diameter and average shortest path lengths were 

calculated with the Dijkstra algorithm and NetworkX [58, 60]. Calculations were conducted 

considering the networks as a) undirected, b) directed, c) as a mixed graph (see Methods). As 

network diameters represent distance in a network and the edge calculation represent connection 

strength, various methods were used for reversing edge weights, such as negative logarithmic 

transformation, reciprocal transformation and inversion (extracting the edge weight from the 

maximum edge weight). Negative logarithmic network diameter was also calculated with adding 

5% noise to the edge weights to assess the robustness of the results. The base negative logarithmic 

values were evaluated with Friedman ANOVA, resulting in a  p=0.0278. These results were shown 

in the candidate’s article as Table 1 and S2, shown with the co-authors’ approval [13]. 

Network diameters with negative logarithmic mapping: 

  Undirected Directed Mixed graph 

  
Network 

diameter 

Average 

path length 

Network 

diameter 

Average 

path length 

Network 

diameter 

Average 

path length 

Normal 34.361 9.984 36.988 12.940 36.435 11.397 

Adenoma 36.365 10.667 40.051 13.790 39.152 12.198 

Carcinoma 29.753 8.224 32.499 10.798 30.769 9.423 

Network diameters with negative logarithmic mapping and 5% added noise: 

  Undirected Directed Mixed graph 

  
Network 

diameter 

Average 

path length 

Network 

diameter 

Average 

path length 

Network 

diameter 

Average 

path length 

Normal 34.295 9.885 37.346 12.822 36.435 11.399 

Adenoma 36.682 10.573 40.407 13.680 38.876 12.092 

Carcinoma 29.362 8.122 32.779 10.676 30.552 9.314 

Network diameters with reciprocal and inverted data transformation: 

  Undirected Directed Mixed graph 

  Reciprocal Inverted Reciprocal Inverted Reciprocal Inverted 

Normal 44 090 29 260 23 739 21 987 44 447 29 697 

Adenoma 55 649 38 724 32 983 29 065 57 834 38 724 

Carcinoma 24 523 20 035 21 235 21 235 31 757 21 783 

 

Across all three networks, the adenoma network consistently showed the largest, and the 

carcinoma network the smallest network diameter, regardless of the calculation method. 

The average shortest path lengths changed in parallel. These findings were reproduced 

with two independent approaches and remained robust under added noise. The increased 

diameter in the adenoma network suggests a less compact network architecture, while the 
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reduced diameter and shorter paths in the carcinoma network may reflect an adaptive 

strategy to enhance information flow—an effect also reported in other topological studies. 

This pattern may represent a cellular stress response in the cancer environment, offering 

additional perspectives beyond standard carcinogenesis-related changes. 

4.1.2. Therapy-related pathways 

For metastatic colon cancer, targeted therapies such as EGFR-, VEGFR-inhibitors and 

immune checkpoint inhibitors are available, the latter is based on mismatch repair status 

[82]. These pathways were analysed in the normal colon, adenoma and carcinoma 

network models, defined as the proteins belonging to the respective Gene Ontology terms: 

‘epidermal growth factor receptor signalling pathway’, ‘vascular endothelial growth 

factor receptor signalling pathway’ and ‘mismatch repair’ [83].  

Ultimately, approximately half of the proteins in the EGFR and VEGFR pathways, but 

only about one quarter of those in the mismatch repair pathway were represented in the 

network (see Table 3). This discrepancy likely reflects the composition of the Human 

Cancer Signalling Network [49], which seems to be enriched for signalling-related 

proteins and therefore may include fewer components of the mismatch repair pathway. 

Regardless, as a next step, network topology analysis was conducted on these pathways’ 

nodes. 

Table 3. Number of identified proteins and their median abundance. Pathway nodes were 

identified based on Gene Ontology [83] terms. As the data did not pass the Shapiro-Wilk 

normality testing, Wilcoxon-test was used on the abundance values of the pathway proteins to 

assess significance. Significant values are highlighted. Published as Table 2 with the candidate’s 

other work, shown with the co-authors’ approval [13]. 

  

No. of 

proteins 

in GO 

No. of 

proteins 

in the 

network 

Median 

normal 

abundance 

Median 

adenoma 

abundance 

Median 

carcinoma 

abundance 

p-value 

(normal -

adenoma) 

p-value 

(adenoma -

carcinoma) 

p-value 

(normal -

carcinoma) 

EGFR 

signalling 

121 58 7.061 6.665 7.058 0.018 0.018 0.670 

VEGFR 

signalling 

93 49 6.662 7.383 7.608 0.842 <0.001 0.018 

mismatch 

repair 

38 8 8.533 9.931 8.987 0.080 1.000 0.234 
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To assess the importance of these pathways in normal, adenoma and carcinoma networks, 

both median abundance (see Table 3) and weighted degree (see Figure 2) were calculated. 

The median abundance of the VEGFR pathway-associated proteins were the highest in 

the carcinoma dataset (significant for VEGFR), while the median weighted degree was 

the highest in the normal network for EGFR and VEGFR. This may be due to the higher-

expressed neighbours of the pathway proteins, but it is also known that EGFR is important 

in the healthy alimentary tract too [84]. The adenoma network has low values for both 

(significantly for abundances), in the EGFR pathway, showing that this pathway does not 

drive the early stage of carcinogenesis [85]. However, the mismatch repair pathway has 

the highest abundance and weighted degree values for adenoma and relatively low for 

carcinoma, which may be related to the selection criteria in this study: mainly left-sided 

colon cancer samples were included where mismatch-repair deficiency is less common, 

and only 8 nodes was found in the network (see Methods) [86].  

 

Figure 2. Median relative weighted degrees of targeted and immunotherapy pathway related 

nodes in the normal, adenoma and carcinoma network. Weighted degrees were calculated 

according to the traditional formula, such as the sum of the edge weights belonging to each node. 

Relative weighted degrees were considered as the quotients of the weighted degrees of each of the 

signalling pathways and the whole network. Pairwise comparisons significant with Wilcoxon tests 
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were EGFR normal-adenoma and VEGFR adenoma-carcinoma. The data was published as Table 

S10 in the candidate’s publication, shown with the co-authors’ approval [13]. 

 

The modular affiliation of each node was studied in all three networks (with ModuLand, 

run by Borbála Kovács). Most nodes clustered into the RAC1 module, the largest module 

in the network, whose biological functions cannot be clearly defined. This suggests that 

these pathways do not form distinct modules because they are highly intertwined with the 

rest of the graph, preventing their separation by the modularization algorithm (see Figure 

3). This might be because the EGFR and VEGFR pathways contain essential 

proliferation-associated proteins that can be activated by other upstream processes and 

cross-talks, thus forming the backbone of the network, while the mismatch repair pathway 

contains only 8 proteins, too few to form a module. Edges associated with targeted 

pathways were found among both the strongest and weakest interactions in the network. 

 

Figure 3. The EGFR-, VEGFR- and mismatch repair pathway proteins in the carcinoma 

network model. The image was generated using the EntOpt entropy optimalization-based 

visualisation tool [87]. The EGFR pathway nodes are green, the VEGFR nodes are red, and the 

mismatch repair pathway nodes are blue. These pathways do not form different modules, and they 

are distributed in the network. This visualisation was published as Figure S22 in the candidate’s 

work, shown with the co-authors’ approval [13]. 
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4.1.3. The MAPK pathway during colon carcinogenesis 

As about half of colon cancer patients have one or more mutations in the MAPK pathway 

[7], it was analysed in the normal colon, colon adenoma and carcinoma network models. 

However, we note that the effect of MAPK pathway changes like the frequent KRAS 

mutation [8] might affect posttranslational and downstream expression levels, which is 

difficult to assess here due to the limitation of this model. These results were not part of 

the original publication. 

The proteins belonging to the ‘MAPK cascade’ Gene Ontology [83] term were analysed. 

Out of the 189 proteins, 93 were found in the CSN network, about 80% of them belonging 

to the largest RAC1 module in the networks. Interestingly, the relative median weighted 

degree (the quotient of the median weighted degree of the MAPK pathway and the whole 

network) of these proteins is slightly decreasing throughout the modelled carcinogenesis 

(normal: 1.80, adenoma: 1.76, carcinoma: 1.74). A narrower GO term ‘MAP kinase 

activity’ was also analysed, with 13 strictly MAPK pathway members in the CSN network 

out of the 16 – all belonging to the RAC1 module. Their median relative weighted degree 

also slightly decreased (normal: 3.81, adenoma: 3.75, carcinoma: 3.66). Notably, several 

key MAPK components’ (p38, MEK1, JNK, ERK2, c-Myc, c-JUN, BRAF) weighted 

degree steadily increased from normal to adenoma to carcinoma.  

The higher importance of the pathway in the normal colon model is likely because MAPK 

signalling is essential in normal, proliferating colon cells as well [88]. The mutational 

activation of KRAS and the whole pathway might also lead to negative feedback on the 

expression level [89]. However, we concluded that the overall high relative weighted 

degree of this pathway shows that it is generally important in colon mucosa-derived 

signalling networks regardless of tumorigenesis stage. 
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Figure 4. The MAPK pathway in the colon carcinoma network. Blue nodes belong to the ‘MAPK 

cascade’ and orange nodes to the narrower ‘MAP kinase activity’ GO terms. a) EntOpt 

visualisation of the network with the highlighted pathway. b) The MAPK cascade subnetwork. 

4.2. MarkerPredict: A machine learning model predicting 

new biomarkers to targeted cancer drugs 

To see how network science and machine learning can be combined to identify key 

determinants of therapy response, graph-based machine learning models were run after 

analysing network motifs containing cancer therapy targets (see Figure 5). The resulting 

Biomarker Probability Score (BPS) is a powerful tool in finding predictive biomarkers 

for targeted cancer therapeutics. These ideas were co-developed with Dániel Veres and 

Péter Csermely, and the final codes were reviewed by Gábor Kovács, who also helped in 

the development of the Python package, which can be found at 

https://github.com/klari98/MarkerPredict. The results are published in an open-access 

article [44]. 

 

Figure 5. A flowchart of the MarkerPredict process. After network construction and motif-

analysis, annotation was conducted to build the input dataset for the machine learning model. 

The final predictions were annotated with rationale and medical relevance. This figure was 

published as Figure 1A in the candidate’s article, shown with the co-authors’ approval [44]. 

a) b) 

https://github.com/klari98/MarkerPredict


 
29 

 

4.2.1. The enrichment of intrinsically disordered proteins in triangles 

of therapeutic targets 

Three signed subnetworks — derived from the Human Cancer Signalling Network 

(CSN), SIGNOR, and ReactomeFI [49-51] — exhibiting markedly different topological 

features (see Table 1) were used for motif identification. Fully connected three-node 

motifs, i.e. triangles were identified with the FANMOD program (see Methods). Rare 

regulatory structures such as unbalanced triangles and cycles were also analysed due to 

their specific roles in signalling networks. 

After obtaining the lists of IDPs (as defined in DisProt [63]) and onco-therapeutic targets 

(see Methods), their occurrences within triangles were determined. Triangles 

simultaneously containing DisProt-defined IDPs and drug targets were analysed as 

potential signalling “hot spots.” Unbalanced triangles were significantly overrepresented 

among them, whereas cycles were only overrepresented in the CSN and SIGNOR 

networks. Importantly, IDP–target triangles appeared far more (11.91x in ReactomeFI) 

frequently than expected by random chance. This enrichment held true not only for 

DisProt-defined IDPs but also for AlphaFold-based (pLLDT < 50 [64]) and IUPred-

predicted (score > 0.5 [65]) IDPs (a range of 3-11.91x enrichment in total). 

Sharing a common motif typically indicates a close regulatory relationship between two 

nodes, and motif structures can even be used to predict new drug targets [32]. Because an 

ideal predictive biomarker should reflect conditions that influence the efficacy of a drug, 

a strong regulatory connection between an IDP and a drug target—such as co-occurrence 

in the same triangular motif—may indicate predictive biomarker potential. In our 

framework, signalling relationships are represented through simplified three-node. Since 

such motifs usually correspond to a local fragment of a signalling pathway, we 

hypothesised that IDPs found in the same triangle as a drug target (“IDP–target pairs”) 

may serve as predictive biomarkers for drugs aimed at that target. To expand the analysis, 

we also included all neighbours of drug targets (“neighbour–target pairs”). 
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Figure 6. Biomarker and drug target properties of neighbours in target-neighbour triangles. 

Most of the target neighbours [86.6% - 96.3%) fit the given biomarker definition of the CIViCmine 

database. A considerable ratio is a predictive biomarker of a drug specifically targeting their 

neighbour. This figure was published as Figure 1C in the candidate’s article, shown with the co-

authors’ approval [44]. 

To assess whether IDPs show biomarker properties, we annotated them using the 

CIViCmine database (see Figure 6 [69]). Across all three networks, more than 86% of 

IDPs were labelled as prognostic biomarkers, and substantial proportions were 

predisposing, diagnostic, or predictive biomarkers. Cases in which a protein served as a 

predictive biomarker for a drug targeting its triangle partner were manually reviewed and 

designated as positive controls for machine-learning training. In total, 332 of the 4,550 

neighbour–target pairs represented confirmed predictive biomarker relationships—an 

impressive number given the specificity of this condition. For the remaining 4,223 

neighbour–target pairs, a negative control dataset was constructed from neighbours absent 

from CIViCmine and additional random pairs. This data was used to train binary 

classification models. 

4.2.2. MarkerPredict is a powerful tool for biomarker prediction 

Random Forest and XGBoost binary classifiers [38, 39] were trained on the network-

specific datasets as well as on the combined data from the three (CSN, SIGNOR, 
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ReactomeFI [49-51] signalling networks for the 880 annotated neighbour-target pairs. 

Final biomarker predictions were conducted on the remaining unclassifiable 3670 pairs. 

Separate models were also trained on each of the three IDP database and prediction 

method (DisProt, AlphaFold, IUPred [63-65], as well as on their combination, resulting 

in thirty-two high-performing models in total. Optimal hyperparameters were selected 

using competitive random halving.  

4.2.2.1. Validation methods show high performance 

Model performance was evaluated using leave-one-out cross-validation (LOOCV), 5-fold 

cross-validation (see Figure 7), and a 70:30 train–test split. All models achieved strong 

metrics with the optimised hyperparameters; even those trained on the smaller DisProt 

dataset performed acceptably. Random Forest models performed slightly worse than 

XGBoost, and models trained on the CSN network [49] showed lower performance 

overall, likely due to its smaller size. The LOOCV accuracy values were between 0.7-

0.96. All 32 models were included for the final prediction. To harmonise prediction 

probabilities, we defined the normalised average of ranked probabilities as the Biomarker 

Probability Score (BPS), calculated four times for every IDP database and their 

combination, every  score including 8 models. With validation, it shows good correlation 

with the original training label on the training data (see Methods). 
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Figure 7. The ROC curve of 100 5-fold cross-validation of the XGBoost model trained on the 

combined data of all networks and databases. The model reached excellent performance, with 

an AUC of 0.99±0.01 (shown with red). Other models also showed high performance. This was 

published as Figure 1D in the candidate’s article, shown with the co-authors’ approval [44]. 

4.2.2.2. Protein disorder is important in biomarker prediction 

Feature importance was evaluated with the SHAP package [40], which computes game-

theory-based Shapley value estimations to quantify each feature’s contribution. The 

SHAP values indicate that features derived from the IDP databases and prediction 

methods are among the most influential inputs. Centrality measures and motif analysis 

(i.e., number of triangles with the given neighbour-target pair) also showed strong 

contributions, with higher feature values corresponding to higher SHAP values. 

Interestingly, some neighbour–target pairs with low or moderate disorder content were 

more likely to be classified as predictive biomarkers, whereas for the neighbour’s IUPred 

short predictions, a score system developed for short, disordered regions, higher disorder 

levels were more likely. In summary, intrinsically disordered proteins may be more likely 

to be biomarkers, and disorder-related features provide important predictive value. 

However, the exact translation of this may varies on the disorder prediction tool in 

question. 
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Figure 8. The SHAP beeswarm plot of the XGBoost model trained on the combined data of all 

networks and databases. The plot shows the impact of the given feature’s value on the model’s 

output, listed in order of significance. Centrality values, disorder annotations and motif analysis 

results are among the most important features. This figure was published as Figure S6A in the 

candidate’s article, shown with the co-authors’ approval [44]. 

4.2.3. Predicted biomarkers with biomedical relevance 

After generating predictions with all eight models, we calculated the Biomarker 

Predictability Score (BPS) for each neighbour–target pair across all IDP annotations (see 

Sections 3.3–4). The BPS effectively unified probability estimates across the XGBoost 

and Random Forest models and across networks. Using a threshold of BPS > 0.5 in at 

least one of the four calculations, 2084 neighbour–target pairs were classified as potential 

predictive biomarkers, and 426 pairs exceeded this threshold in all four IDP-prediction 

method-specific and combined analyses. 
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4.2.3.1. The strongest biomarker predictions 

For many high-BPS pairs, preclinical or clinical evidence supported the predictions (see 

Table 4). The top predictions mainly involved targets of small-molecule receptor 

inhibitors or HER2 inhibitors like trastuzumab [90], typically with neighbours exhibiting 

low to moderate – but not zero disorder content. For many predictions, clinical or 

preclinical evidence can be found, however, there are some new strong predictions such 

as LCK-PDGFRB, SRC-RAF1, ERK1-BCL-2, TRAF6-HER2 and TRAF6-EGFR. 

 

Table 4. Top 5 predictive biomarker predictions per IDP annotation method and for all 

annotations. BPS was calculated from the 8 models (two machine learning algorithms on three 

signalling networks and their total, see Methods). Disorder content was added from the DisProt 

[63] database and the AlphaFold [64] and IUPred [65] prediction methods, while targeted 

therapies were listed from the My Cancer Genome [66] database. Supporting literature is from 

PubMed with the keywords of the drug and the potential biomarker neighbour names. Articles 

where the response to the drug could be forecasted knowing the mutation status or expression 

level of the biomarker. Preclinical and clinical articles were handled separately. This table was 

published as Table 1 in the candidate’s article, shown with the co-authors’ approval [44]. 

No Bio-

marker 

Proba-

bility 

Score 

(BPS)  

Neigh-

bour 

name 

Annotation disorder content 

(%) 

Target 

name 

Inhibitor(s) of target Supporting literature 

D
is

P
ro

t 

A
lp

h
a
F

o
ld

 

IU
P

re
d
 (

lo
n

g
) 

IU
P

re
d
 (

sh
o

rt
) 

ALL ANNOTATIONS 

1. 0.998 LCK 7.1% 11% 3.1% 3.9% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

Clinical:  

Pizzamiglio et al., 2021 

[91] 

2. 0.991 LCK 7.1% 11% 3.1% 3.9% PDGFR

B 

regorafenib, axitinib  

3. 0.990 ITGB1 5.9% 3.8% 5% 6.6% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

Preclinical: 

Gu et al., 2025 [92] 

4. 0.990 ERK1 6.1% 6.5% 6.6% 12% FGFR3 ponatinib Preclinical: 

Matsuda et al., 2016 [93] 

5. 0.987 STAT1 5.5% 6.1% 6.8% 6.9% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

Preclinical: 

Yang et al., 2025 [94] 

Clinical: 

Srivastava et al., 2016 [95] 

 

Table 4. is continued on the next page. 
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Table 4. continued from the previous page. 

 

DISPROT 

1. 0.991 ERK1 6.1% 6.5% 6.6% 12% BRAF dabrafenib, vemurafenib Preclinical: 

King et al., 2013 [96] 

2. 0.988 ERK1 6.1% 6.5% 6.6% 12% RAF1 regorafenib, sorafenib Preclinical: 

Cao et al., 2006 [97] 

3. 0.987 ERK1 6.1% 6.5% 6.6% 12% HER2 trastuzumab, pertuzumab, ado-

trastuzumab emtansine, 

lapatinib, neratinib, afatinib 

Preclinical: 

Li et al., 2018 [90] 

4. 0.984 SRC 16% 14% 16% 14% RAF1 regorafenib, sorafenib  

5. 0.980 ERK1 6.1% 6.5% 6.6% 12% BCL-2 venetoclax  

ALPHAFOLD 

1. 0.979 TRAF6 N/A 12% 4.4% 4.2% HER2 trastuzumab, pertuzumab, ado-

trastuzumab emtansine, 

lapatinib, neratinib, afatinib 

 

2. 0.976 PRKCA N/A 8.6% 9.1% 11% HER2 trastuzumab, pertuzumab, ado-

trastuzumab emtansine, 

lapatinib, neratinib, afatinib 

Preclinical: 

Pandya et al., 2016 [98] 

3. 0.976 JNK N/A 14% 17% 19% HER2 trastuzumab, pertuzumab, ado-

trastuzumab emtansine, 

lapatinib, neratinib, afatinib 

Preclinical: 

Itah et al., 2023 [99] 

4. 0.974 NFkB N/A 26% 20% 15% MTOR everolimus, temsirolimus Preclinical: 

Xie et al., 2007 [100] 

5. 0.973 LCK 7.1% 11% 3.1% 3.9% PDGFR

B 

regorafenib, axitinib  

IUPRED 

1. 0.993 FYN N/A 15% 7.3% 8.2% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

Preclinical 

Kim et al., 2025 [101] 

2. 0.990 ERK1 6.1% 6.5% 6.6% 12% HER2 trastuzumab, pertuzumab, ado-

trastuzumab emtansine, 

lapatinib, neratinib, afatinib 

Preclinical: 

Li et al., 2018 [90] 

3. 0.987 TRAF6 N/A 12% 4.4% 4.2% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

 

4. 0.986 ERK1 6.1% 6.5% 6.6% 12% JAK2 ruxolitinib Preclinical: 

Stivala et al., 2019 [102] 

5. 0.983 STAT1 5.5% 6.1% 6.8% 6.9% EGFR afatinib, cetuximab, erlotinib, 

gefitinib, lapatinib, 

necitumumab, osimertinib, 

panitumumab, vandetanib 

Preclinical: 

Yang et al., 2025 [94] 

Clinical: 

Srivastava et al., 2016 [95] 
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4.2.3.2. Potential predictive biomarkers of the MAPK pathway with 

MarkerPredict 

To show how the MAPK pathway can be analysed with the MarkerPredict approach, the 

newly predicted MAPK pathway biomarkers were reviewed. As there are already 

approved cancer drugs for BRAF and MEK1/2, there are clinically established predictive 

biomarkers too, mainly canonical MAPK pathway activators. In particular, BRAF V600 

mutations are the primary indication for BRAF inhibitors [6], and NRAS/KRAS 

mutations strongly predict sensitivity to MEK inhibitors like binimetinib alongside with 

KRAS inhibitors [103]. 

To find other potential MAPK pathway biomarkers, the network neighbours of these 

proteins were considered as potential predictive biomarkers of the MAPK pathway. As 

MEK1 and MEK2 were filtered out from the previously published analysis due to the 

limitations of the used drug target list, the 139 neighbour-MEK1/2 pairs and their 

annotations were added to the input tables. The MarkerPredict script were re-ran and the 

results were evaluated, with recalculating the BPS scores. For clarity, these new BPS 

scores are only used in this subchapter.  

After re-running the MarkerPredict package with the added MEK1/2 pairs, several 

potential predictive biomarkers were identified for both BRAF and MEK inhibitors. 

ERK1 had a high BPS score for both BRAF, MEK1 and MEK2, corresponding with its 

role as a frequent MAPK pathway activity readout in experiments [45]. Several other 

MAPK pathway members and associated proteins were also predicted, such as RAF1, 

ERK2, SHC1, SOS1, SRC and RAC1. This may not be surprising, as MAPK pathway is 

a strictly regulated, evolutionary conserved core pathway, with many parallelisms and co-

regulations [5]. 
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Figure 9. The BPS scores of potential predictive biomarkers for MAPK pathway inhibitors. The 

CSN network was selected for visualisation, the subnetwork of MEK1/2 and BRAF motifs (union 

of all 3 networks) were created. Positive edges are shown with red; negatives are with blue. 

Targets are shown with red, their defined predictive biomarkers with orange (from the CIViCmine 

[69] database). 3 separate visualisations were created to show the BPS scores (calculated from 

predictions with all IDP annotations) of the pairs of BRAF, MEK1 and MEK2. Nodes with high 

BPS scores shown with yellow, low with blue (see colour scale), non-pairs with grey. The edges 

with YWHAZ were not present in the CSN network, thus not visualised here. 
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Even though the predicted biomarkers were not present in the CIViCmine [69] database, 

several of the predicted biomarkers have some kind of evidence supporting that they 

modulate MAPK inhibitor sensitivity. ERBB2 has been shown to drive resistance to 

BRAF inhibitors in BRAF mutant tumours, where ERBB2 activation restores 

downstream signalling despite BRAF inhibition [104]. GSK3B is another hit with 

experimental support: high GSK3B activity has been associated with reduced 

vemurafenib response in melanoma models [105]. Protein kinase C family members, such 

as PRKCA, B, D and E were also in the predictions and evidence shows that PRKCA 

expression might be a good marker of MEK inhibitor sensitivity in low-grade serous 

ovarian cancer models [106]. PIK3R1, the PI3K p85α regulatory subunit, has also 

supporting evidence, as its loss enhances MEK dependency and increases MEK-inhibitor 

sensitivity in breast cell lines [107]. These literature findings support the validity of the 

predictions made by the MarkerPredict method. 

Among the novel predictions, YWHAZ (14-3-3ζ) as a member of the 14-3-3 adaptor 

family, stands out as it is mechanistically relevant, but not a typical co-regulated MAPK 

pathway kinase [108]. It is the only 14-3-3 protein predicted as biomarker for both BRAF 

and MEK1/2 inhibitors, as BPSalldb and BPSDisProt scores are in the range of 0.53-0.66. 

The 14-3-3 proteins are adaptor proteins that bind BRAF/MEK complexes and regulate 

MAPK signalling [109]. Studies show that the binding happens in both the autoinhibited 

and the active status, using different conformations to regulate BRAF activation [110]. 

Thus, differing protein levels affected by mutation or expression changes could affect the 

pathway’s activity. Among 14-3-3 proteins, YWHAZ is especially relevant in cancers 

[111]. As a prognostic biomarker, its overexpression associates with worse survival in 

various cancers like lung, breast, head and neck tumours and glioblastoma. It promotes 

the signalling of MAPK-associated upstream proteins, shown by the genetic blockage of 

YWHAZ, which disrupts ERBB2 and PI3K signalling [112].  

There are efforts to design inhibitors for YWHAZ, however, there are no effective drugs 

in clinical phase yet. This could be connected to the fact that it is an established IDP 

according to the DisProt [63] IDP database. Even though it has small, 4.9% disorder 

content, it is historically difficult to design drugs for disordered proteins and regions 

[113]. Despite these challenges, the role of YWHAZ in cancers and MAPK pathway 
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activation might be important as a good predictive biomarker candidate for BRAF and 

MEK inhibition, which needs validation with clinical and preclinical studies. 

4.3. A pan-cancer lncRNA signature specific to MAPK 

pathway activation 

In this project, biomarker lncRNAs of the MAPK pathway were identified using 

experimental techniques and RNA sequencing. First, we searched the optimal cell lines, 

drugs and timepoints of optimal MAPK pathway downregulation. As a next step, 

lncRNAseq was performed in an external laboratory, followed by the identification of 

lncRNA candidates. Confirmation experiments supported the MAPK pathway specificity 

of this panel. This project was supervised by Prof. Kai Breuhahn, and the experiments 

were split with our lab technician Patrizia Birner. The general pipeline of lncRNA 

identification was initially developed by Fabian Rose, a PhD student of the Breuhahn lab 

on another pathway, yet to be published. These results are also unpublished at the moment 

of writing this thesis; however, a preliminary report was already presented at a conference 

[46]. 

4.3.1. Optimal cell lines, treatments, doses and incubation time for 

effective MAPK inhibition 

As the goal was to identify a pan-cancer, or at least cancer-type-independent lncRNA 

signature, cell lines of two different cancer types (lung (A549 [72], HT1299 [73]), liver 

(HuH7 [74], Hep3B [75]) were used to find the conditions of the most effective MAPK 

pathway inhibition. To ensure that the results are specific to the whole MAPK pathway, 

drugs on two separate points of interference (trametinib and binimetinib (MEK inhibitors; 

[76], [77]), ulixertinib and MK-8353 (ERK inhibitors; [78], [79]) were tested. Viability 

testing was used to find doses of effective but not lethal inhibition. Western blotting was 

performed to show the effectivity and time-dependence of the pathway inhibition (see 

Figure 10). 
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Figure 10. The effect of trametinib inhibition on Hep3B HCC cell line. Four different doses 

were used for viability testing with a DMSO control. The doses with medium viability decrease 

were selected. The effective time-dependent ERK and phospho-ERK inhibition was confirmed 

with Western blotting. Actin was used as internal loading control. The same experiments were 

performed with MK-8353, binimetinib and ulixertinib and with the NSCLC cell line A549. Brown-

Forsythe ANOVA was performed on viability results to assess significance. These experiments 

were conducted to determine the conditions achieving the strongest MAPK pathway inhibition to 

later use these conditions to create MAPK pathway inhibited samples for lncRNA sequencing. 

Brown-Forsythe ANOVA was used to test the significance of viability testing. 

To assess the transcriptional effect of the MAPK pathway inhibitions on the cells, RT-

qPCR was performed on A549 and Hep3B cells using all the four pre-selected drugs to 

detect the MAPK target mRNAs DUSP6 and SPRY2 [114], showing effective 

downregulation starting from 3 hours of treatment. Thus, the conditions of the most 

effective MAPK pathway inhibition were the following: a) cell lines A549 and Hep3B, 

b) trametinib 25nM, MK-8353 300 nM, c) treatment time of 3 hours. Samples were 

prepared with these treatment conditions and sent to lncRNA sequencing. 

trametinib 
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4.3.2. LncRNAseq data analysis 

On the pre-processed RNAseq data, classical data analysis and lncRNA candidate 

selection was performed. There was an effective downregulation of MAPK pathway-

associated genes and lower MAPK Pathway Activity Score (MPAS) [115] supporting that 

the MAPK inhibition worked. Thus, it is rightful to assume that the downregulated 

lncRNAs may also be regulated by the MAPK pathway. 35 commonly downregulated 

lncRNAs were found among HCC and NSCLC cell lines and ERK and MEK inhibition 

(see Figure 11), possibly acting as biomarkers of MAPK pathway activity. 

 

Figure 11. Overlapping downregulated lncRNAs among cancer types and treatments. RNA 

sequencing was performed using the A549 NSCLC and the Hep3B HCC cell lines and two MAPK 

pathway inhibitors. After pre-processing and confirming MAPK pathway inhibition, lncRNAs 

downregulated in all samples were identified and defined as MAPK pathway activity lncRNA 

biomarkers. 

4.3.3. Experimental confirmation of lncRNA candidates 

To confirm these findings, primers were designed for the lncRNA candidates, and for 

those where working primers could be designed, confirmatory RT-qPCRs were performed 

to detect their downregulation (see Figure 12, names hidden on purpose due to the 

possibility of a patent). These results were confirmed on the previously used four different 

cell lines and treatments. The effect of ERK inhibition on the lncRNA panel was also 

confirmed with siRNA inhibition of ERK1 and ERK2. Starvation experiments also 



 
42 

 

confirmed these findings - MAPK pathway inhibition stopped the growth factor caused 

increase of the lncRNA panel expression. 

 

Figure 12. Confirmation RT-qPCR of the lncRNA biomarker panel. Names are hidden due to 

the possibility of a patent. This experiment confirms the downregulation of the lncRNA candidates 

due to MAPK pathway inhibition compared to negative controls. This experiment was repeated 

for the four cell lines and four treatments, sixteen replicates altogether. 

The pathway specificity of the lncRNA panel was confirmed using the AKTVIII Akt-

inhibitor and YAP siRNA inhibition. These results showed no downregulation, supporting 

the MAPK pathway specificity of these lncRNAs. 16 known transcription factors 

regulated by the MAPK pathway [116] were tested to find which one is responsible for 

the downregulation of our lncRNAs. No transcription factors could be identified for some 

lncRNAs, but for example, NFAT4 [117] and STAT3 [118] were shown to regulate 

lncRNA #1. Altogether, a MAPK-pathway specific lncRNA-panel was identified, with 

potential further use to evaluate clinical effectivity of anti-MAPK treatment.  

4.3.4. Survival analysis on TCGA data 

The prognostic value of our lncRNA biomarker panel was evaluated on publicly available 

HCC and NSCLC data. The results shown here are partially based upon data generated 

by the TCGA Research Network: https://www.cancer.gov/tcga [119]. The results showed 

that tumours have significantly higher expression than healthy tissues, however, the 

survival difference of the high and low expressing patients were not significant (see 

Figure 13).  

However, there is no information about the treatments of these patients, so we cannot 

evaluate the effectivity of this panel as a predictive biomarker for MAPK inhibition 

https://www.cancer.gov/tcga
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treatment based on this data – and our goal was to establish a predictive lncRNA panel, 

not necessary a prognostic one. Besides, higher expression in tumours compared to 

normal tissues may help detectability with liquid biopsy. 

This panel needs further validation on patient samples and animal experiments to 

establish the specificity, sensitivity and overall detectability of these biomarkers, and to 

assess if these lncRNAs could be detected in peripheral blood samples too, which would 

make them feasible for long-term therapeutic decision making. 

 

Figure 13. The expression and prognostic value of the MAPK lncRNA signature in HCC and 

NSCLC TCGA data. For the lncRNAs found in the TCGA HCC and NSCLC datasets, violin plots 

are showing their expression in non-tumour versus tumour samples. The survival of the highly 

and lowly expressing patients is visualised on Kaplan-Meier curves. Mann-Whitney tests were 

used to assess significance. 

 

  

HCC NSCLC 
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5. Discussion 

Even though the era of polyhistors is long gone, science still has a huge need for effective 

information exchange between the experts of different methodologies, such as 

experimental and computational scientists and clinical researchers. However, one often 

solely specialises in one or the other disciplines, leading to separate conversations within 

these fields. As computational researchers use the data produced by experimental teams, 

and clinicians rely on all these fields for effective drug development, we think that it is 

important to develop the general understanding to be able to ask questions when faced 

with the research of others. However, this is generally missing between many disciplines, 

thus limiting the cross-applicability of findings. In this work, different approaches were 

used to work on problems related to signalling changes in cancer, with their own strengths 

and limitations, combined into a more complex understanding of altered signalling in 

malignancies.  

Looking back at the results of the colon cancer development modelling study, these results 

show interesting and previously never captured global network changes between normal 

colon, colon adenoma and colon carcinoma. Even though previous network studies 

analysed diameter changes between normal and cancer networks [11], they did not 

analyse precancerous states alongside with normal and cancer samples. The reduction in 

network diameter from normal to carcinoma has been repeatedly reported across multiple 

network topological modelling approaches both before and after publishing this study. 

Studies based on differential co-expression [120, 121], association-type [122], interaction 

networks [123-125], and ceRNA networks [126] all describe a shift toward more compact, 

shorter-path networks in carcinoma. Notably, Wen et al. [123] reported a similar decrease 

in diameter using miRNA networks built by overlaying expression data onto a literature-

derived network skeleton, a strategy conceptually aligned with our approach. In addition, 

a comparative multi-cancer analysis identified colon cancer as one of the tumour types in 

which the transition from normal to carcinoma is associated with a shrinking diameter 

[11].  

Studies published after our study also describe definite network topology changes during 

carcinogenesis with numerous modelling techniques with various methodologies. A 

single-cell transcriptomic study showed a denser T-cell co-expression network in colon 
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cancer versus normal tissues [127]. This study also showed an increased number of cell-

cell interactions in colon adenoma and carcinoma epithelial cells. However, no network 

diameter was calculated from these. In contrast, a study published in 2025 calculated 

network diameter on multiple cancer-specific protein-protein interaction networks, 

showing that they have larger diameters than random power-law graphs with similar node 

and edge counts [128]. A lung cancer RNAseq-based immune correlation network 

topology analysis study also showed larger network diameter in normal compared with 

cancer networks on one sample set, while an opposite pattern was observed on the 

samples in another dataset [129]. Lung adenocarcinoma topology values, including 

network diameter, were closer to normal tissue than lung squamous cell carcinoma, which 

showed smaller network diameter on bulk data. This study also contained network 

analysis of a flow cytometry cell sorting dataset, confirming that CD45+ immune cells, 

CD10+ fibroblasts, and even CD31+ endothelial cells have larger network diameter than 

cancer cells [129]. The exact diameter values were 11-12 for immune cells, 6-8 for 

fibroblasts, 6 for endothelial cells and 5 for lung cancer, showing that immune cells have 

much less compact signalling networks [129]. This raises interest in comprehensive 

analysis of network diameter differences between cell types and cancer histology 

subtypes. It might be worthwhile to further assess the normal tissue with higher network 

diameter, if they may contain inflammation or precancerous tissue. In the absence of 

precancerous networks to compare in these studies, our study still stays unique with the 

conclusion of de-compacting then re-compacting of signalling networks during 

carcinogenesis. 

The newly described higher network diameter of the colon adenoma model was never 

described before in literature. It is the sign of a less regulated, less compact transitional 

signalling network, which lost the old structure, but it is not under the harsh 

environmental pressure cancer cells face. Similarly, the decrease in the EGFR pathway 

significance during adenoma might be a sign of EGFR-independent proliferation, while 

losing the role of EGFR signalling in healthy cells [84], similarly to the MAPK pathway 

in the highly proliferating colon endothelium [88]. The gradual increase of the VEGFR 

pathway’s expression might be attributed to the hypoxic conditions in colon adenoma and 

carcinoma [130]. However, these pathways would need further, more detailed analysis to 

subdivide the exact cross-talks and processes taking place. Additionally, another network 
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study confirmed the importance of other pathways such as Wnt signalling and matrix 

metalloproteases, well-known in colon carcinogenesis, while constructing networks from 

differently expressed genes of colon adenoma and carcinoma [12]. As a feedback of the 

methodology, these classic pathways should be also analysed with our model. 

One of the limitations of this study is the lack of patient-level resolution or the comparison 

of patients with different mutational profile or outcome. As mainly left-sided colon cancer 

samples were included, the attributes of right-sided, immune-governed colon cancer is 

also missing from this analysis, which may have different results especially in the 

mismatch repair pathway analysis due to its frequent mismatch repair deficiency [86]. As 

quality patient- and even cell-level expression data is more accessible today, these 

network topology analyses could be repeated with patient- or even cell-level resolution, 

contributing to the recent high resolution network topology studies [127, 129], but 

concentrating more on the discovered network diameter phenomenon. A systematic high-

resolution network topology study could be one of the future works stemming from these 

results, stratifying patients based on global network attributes, and finding association 

with cancer subtype or outcome. Analysing other cancer types with well-known 

precancerous states would also contribute to this study, and it would allow the assessment 

of whether the adenoma-related changes are a colon-cancer-specific, or a general 

phenomenon. Another future scope might be to analyse these topological changes during 

different treatments, such as EGFR- or VEGFR-inhibitors, to assess therapy-dependent 

global network changes. Using RNAseq data instead of microarray in the future would 

also be beneficial due to the increased accuracy of the method [131]. 

To move the focus of the network analysis approach from a global to a more local 

perspective, three-nodal motif members were analysed as potential target-biomarker pairs 

in the MarkerPredict project [44]. As to our current knowledge, MarkerPredict is the first 

network-topology-based predictive biomarker prediction tool in the literature. However, 

recently published methods exist, which combine network topology with machine 

learning for diagnostic and prognostic biomarker prediction [132-134]. Our results, like 

the cited articles, showed that the number of triangles was among the most important 

input features in machine learning prediction, together with network centrality values. In 

both cases, large numbers representing higher connectivity pushed the model towards 

predicting the given protein as predictive biomarker, confirming the hypothesised central 
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role of biomarkers, similar to the also central IDPs [34]. This was not as simple for the 

other hypothesis, as even though IDPs were enriched in the motifs of therapeutic targets, 

higher IDP scores and disorder content percent did not mean more probable biomarker 

prediction in most of the score system, however, for the IUPred short score, which was 

developed to detect short disorder regions, higher score meant more likely to be predicted 

as a predictive biomarker [65]. Supporting these claims, even the top predictions by the 

model have low to moderate disorder content. We hypothesise that this might be because 

the presence of the non-disordered regions allows the protein to participate in key 

signalling processes, while the presence of disordered regions allows conformational 

changes in adaptation processes, like in a cancer cell under therapeutic pressure. When 

confirmed by other methods, this can lead to a new understanding of the role of disorder 

in cell signalling: to the hypothesis that partially disordered proteins are the key regulators 

of adaptation processes. Due to the limitations of our solely bioinformatic study, this 

would require further experimental confirmation, for example comparing the effects of 

more- and less-disordered variants of the same proteins. 

Overall, multiple particularly effective binary classification machine learning models 

were developed, which passed validation steps with high accuracy, and learns on 

meaningful features. We theorize that the interconnectivity of the networks may facilitate 

model training. The strong AUC values may also partly reflect the use of protein pairs 

rather than individual proteins as predictors, increasing the dimensionality and diversity 

of the feature space and potentially enabling decision tree–based models to identify 

informative feature combinations more effectively. Similar pairwise approaches have 

been applied in previous studies with acceptable but not outstanding metrics; usually not 

limiting the search on network neighbours [135, 136]. Finally, 2084 neighbour pairs of 

therapeutic targets, such as YWHAZ to BRAF and MEK1/2 were predicted to be good 

predictive biomarker candidates of the respective drugs. One of the limitations of this 

study is that strongly regulated, but more downstream pathway effectors like DUSP6 and 

SPRY2 in the MAPK pathway cannot be predicted as this study is limited to three-nodal 

motifs. Thus, extending the study to larger motif structures is an option. However, 

strongly co-regulated neighbouring proteins would be more useful to assess intrinsic 

therapy resistance. Nonetheless, the promising biomarker predictions require further 

systematic literature review and validation, as many of them are already established or 
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show promise to be a good predictive biomarker for cancer therapeutics. For these 

promising candidates, the next step would be conducting experimental confirmation 

followed by clinical studies, to overcome the limitations of bioinformatics and result in 

clinically useful longitudinal decision support systems. 

To conduct detailed signalling network analysis, an established network structure is 

necessary, derived from plenty of experimental data confirming each interaction [50]. For 

example, during the lncRNA MAPK signature project, it was not possible to perform 

network modelling on the lncRNA candidates, as there was not enough information on 

their function and interaction, even though preliminary lncRNA networks exist [137]. 

With open access data, the prognostic value and tumour specificity of these candidates 

could be analysed (see the TCGA data, https://www.cancer.gov/tcga; [119]). To validate 

the predictive value of this lncRNA panel, it is also necessary to detect these candidates 

in animal and patient samples, showing that they are indeed as sensitive, specific and 

detectable biomarkers in real-life conditions as on cell lines. This work was started with 

preliminary in situ hybridization experiments, however, it is yet to be finished as the 

funding has expired. Another potential limitation of this study is that there were no studies 

done on the function of these lncRNAs, as it is not required for their potential use in 

therapeutic decision making. Instead, focusing on extending this straightforward lncRNA 

signature identification pipeline, it is possible to define selective biomarker panels for 

other key signalling pathways targeted in oncology. This work was started by the 

candidate for the PI3K pathway, however, for technical reasons, good downstream 

readouts of the pathway activity could not be identified. However, as a preceding study, 

a yet unpublished YAP-pathway activity dependent lncRNA signature was already 

established by Fabian Rose, a PhD student of the Breuhahn laboratory. He also developed 

many techniques used in this study [138]. Overall, an unprecedented list of pan-cancer 

MAPK-pathway-specific lncRNAs were identified, waiting for further experimental 

confirmation and peer review. Here we conclude that despite their limitations, different 

bioinformatic and experimental methods all led to effective identification of key cancer 

signalling changes and biomarkers. 

https://www.cancer.gov/tcga
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6. Conclusions 

To summarise, here we showed that experimental and in silico methods are both helpful 

to identify key signalling changes and cancer biomarkers. However, while experimental 

research typically requires a previously well-established question, the high-throughput 

characteristic of network science and machine learning allowed us to perform mass 

identification of promising predictive cancer biomarker candidates.  

1.) Key signalling changes such as the less-organised then re-organised information 

flow were identified with the modelling of colon cancer development, represented 

by growing then decreasing network diameter and average shortest path length in 

the normal-adenoma-carcinoma sequence. 

2.) MarkerPredict, a pan-cancer machine learning biomarker prediction tool was 

created using network topology data and protein annotation, and tested with 

various cross-validation methods, showing high performance. A Biomarker 

Probability Score ranking predictions of 32 different models identified 2084 

potential cancer biomarkers. 

3.) MarkerPredict showed that more co-regulatory motifs a neighbour-target pair 

participates in, the more likely the neighbour can be a predictive biomarker for 

the target’s inhibitor. High centrality values are also attributes of cancer 

biomarkers. IDPs with low to moderate disorder content can be effective 

biomarkers. 

4.) The identified 2084 predictive biomarker candidates show promise in clinical use, 

thus require further research and clinical validation to finally help therapeutic 

decision-making and personalised oncology. Their potential was shown through 

the example of the 14-3-3ζ protein, a potential biomarker of MAPK pathway 

inhibitors. 
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7. Summary 

Cancer is a disease where malignantly transformed cells use the available resources for 

self-replication instead of their original functions, evading immune response and 

therapeutic efforts. Therapy resistance is one of the largest challenges in oncology today, 

leading to unnecessary treatments and larger mortality. Signalling changes marking 

therapy resistance in cancer can be studied in multiple ways. In this work, we used in 

silico approaches to model cancer signalling in carcinogenesis and therapy resistance, and 

both in vitro and in silico methods to identify predictive biomarkers. 

Network topology analysis was used to model colon cancer development, using open-

source RNA microarray data to create normal, adenoma and carcinoma network models 

from a pre-published network skeleton. The results show a larger network diameter 

indicating loosened signalling structure in colon adenoma, and a smaller network 

diameter pointing to strictly organised signalling in colon carcinoma. While the VEGFR 

pathway becomes more expressed with carcinogenesis, the EGFR and MAPK pathway 

models have higher weighted degree and median abundance in normal network models 

than in the adenoma network models. 

Network motifs are small, frequently present network structures indicating strong co-

regulation of the participating nodes. Here, we showed that intrinsically disordered 

proteins, difficult to target, but central players in signalling networks, are enriched in the 

triangle motifs containing onco-therapeutic targets. Using network topology features such 

as motif information and protein annotations including IDP databases, a powerful 

biomarker prediction tool called MarkerPredict was established on target-neighbour pairs. 

Validation showed high performance, and 2084 potential biomarkers were predicted using 

the established Biomarker Probability Score. These predictions are shown to be highly 

relevant, waiting for further validation before clinical use.  

LncRNAs are promising biomarker candidates, as they can not only be detected in 

tumours, but in bodily fluids like peripheral blood, promising minimal-invasive 

therapeutic decision-support. A pan-cancer MAPK-pathway-specific lncRNA signature 

was established with RNA sequencing on lung and liver cancer cell lines with effective 

but not lethal MAPK pathway inhibition, ready for validation on patient samples. 
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