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ABSTRACT 

Developing An Analysis Pipeline By Integrating Multi-Omics Data To Study 

Drug Resistance Mechanisms In Cancer 

Various approaches such as surgery, radiotherapy, immunotherapy, and 

pharmacological treatment are employed in cancer therapy. Among these, 

pharmacological treatment is widely preferred due to its effectiveness across 

different cancer types. However, patients may develop resistance to drugs within a 

short period as a result of genetic mutations, epigenetic alterations, or disruptions in 

signaling pathways. In this thesis, the resistance mechanisms of paclitaxel, 5-

fluorouracil (5-FU), gemcitabine, and cetuximab, which are commonly used in 

clinical practice, were investigated. For this purpose, a late multi-omics integration 

approach based on deep neural networks (DNNs) with transfer learning (TL) was 

applied. Drugs targeting mitosis, cytoskeleton, DNA replication, and epidermal 

growth factor receptor (EGFR) signaling pathway were independently trained to 

construct pan-drug training datasets for predicting drug responses. Models trained on 

human cell line data from the Genomics of Drug Sensitivity in Cancer (GDSC) 

dataset were able to predict drug responses in in vivo patient-derived xenograft 

(PDX) and ex vivo The Cancer Genome Atlas (TCGA) datasets. Pathway enrichment 

analyses based on the gene features of the best performing predictive models 

revealed the mechanisms of drug resistance. It was demonstrated that mutations and 

copy number alterations (CNAs), together with transcriptional changes, contribute to 

the development of resistance. Elucidating the resistance mechanisms of these four 

drugs through relevant pathways and molecular alterations has the potential to make 

a significant contribution to the development of personalized and targeted therapies. 

Keywords: Multi-omics integration, Drug resistance mechanisms, Personalized 

oncology, Drug response prediction, Transfer learning 
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ÖZET 

Kanserde İlaç Direnci Mekanizmalarını İncelemek İçin Çoklu-Omik Verileri 

Entegre Eden Bir Analiz Yöntemi Geliştirilmesi 

Cerrahi, radyoterapi, immünoterapi ve farmakolojik tedavi dahil olmak üzere çeşitli 

yaklaşımlar kanser tedavisinde kullanılmaktadır. Bu yaklaşımlar arasında, farklı 

kanser türlerinde etkili olması nedeniyle farmakolojik tedavi yaygın olarak tercih 

edilmektedir. Ancak hastalar, genetik mutasyonlar, epigenetik değişiklikler ve ya 

sinyal yolaklarındaki bozulmalar nedeniyle kısa bir süre içinde ilaçlara karşı direnç 

geliştirebilmektedir. Bu tezde, klinik uygulamalarda sıklıkla kullanılan paklitaksel, 5-

florourasil (5-FU), gemcitabin ve setuksimabın direnç mekanizmaları incelenmiştir. 

Bu amaçla, transfer öğrenmesi (TL) tabanlı derin sinir ağları (DNNs) kullanılarak 

çoklu-omik geç entegrasyon yaklaşımı uygulanmıştır. Mitozu, sitoskeletonu, DNA 

replikasyonunu ve epidermal büyüme faktörü reseptörü (EGFR) sinyal yolunu 

hedefleyen ilaçlar bağımsız olarak eğitilmiş ve ilaç yanıtlarını tahmin etmeye yönelik 

tüm-ilaç eğitim veri setleri oluşturulmuştur. Kanserde İlaç Duyarlılığı Genomiği 

(GDSC) veri setindeki insan hücre hattı verileri kullanılarak eğitilen modeller, in 

vivo hastadan türetilmiş ksenogreft (PDX) ve ex vivo Kanser Genom Atlası (TCGA) 

veri setlerinde ilaç yanıt tahminleri yapabilmiştir. En iyi performans gösteren tahmin 

modellerinin gen özelliklerine dayalı yolak zenginleştirme analizleri ile ilaç direnç 

mekanizmaları ortaya konmuştur. Mutasyonlar ve kopya numarası değişikliklerinin 

(CNAs), transkripsiyonel değişikliklerle birlikte direnç gelişimine katkıda bulunduğu 

gösterilmiştir. Bu tezde dört ilacın direnç mekanizmalarının ilgili yolaklar ve 

moleküler değişiklikler üzerinden aydınlatılması, kişiselleştirilmiş ve hedefe yönelik 

tedavilerin geliştirilmesine önemli katkı sağlama potansiyeline sahiptir. 

Anahtar Sözcükler: Çoklu-omik entegrasyonu, İlaç direnç mekanizmaları, Hedefe 

yönelik onkoloji, İlaç yanıt tahmini, Transfer öğrenmesi 
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1. INTRODUCTION AND AIM 

Cancer is a complex, heterogeneous disease that might develop due to various 

genetic and environmental factors (1). There are various types of cancer, which are 

classified based on the part of the tissues the disease originate (2). Many treatment 

options are available although specific treatments are selected based on genetic 

profile, health status, and symptoms of the patients. Some protocols are also 

available in the treatment process. Especially in chemotherapy, the drugs having low 

effect might be administered to patients at first. After checking their effects on 

patients, they might be further applied or due to developing resistance, therapy might 

be modified with more effective drugs, or different treatment options might be 

applied depending on the health status of the patients (3). 

Heterogeneous nature of the disease frequently limit treatment success in most 

patients. Each patient may accumulate unique changes in their tumors or might have 

genetic predisposition for cancer. Resistance development might be rapid for such 

patients, which may obstacle their treatment success. Chemotherapy is mostly used 

with a one-size-fits-all approach without knowing a drug will work effectively in 

each patient. Thereby, it is mostly a trial and error approach, increasing and 

diversifying resistance mechanisms in cancer (4). 

Various treatment options are available for cancer therapy such as surgery, 

radiotherapy, chemotherapy, immunotherapy, and targeted therapy. Patients mostly 

get successful outcomes at early stages of the treatment, but those in advanced stage 

may not benefit from most of the treatment options. Physicians may apply 

chemotherapy with single drug therapy or combination therapy, and the treatment 

might be supported by other treatment options such as radiotherapy and 

immunotherapy. Targeted therapy might be applied only when a specific cancer type 

with a specific genetic background. However, supportive treatment with radiotherapy 

or chemotherapy might be still needed. Unfortunately, even with targeted therapies, 

resistance could develop over time, making treatment procedure unsuccessful (5).                
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It is important to grasp biology of cancer in each patient in order to improve 

clinical outcomes. High heterogeneity is a major problem to decide effective 

treatment strategy. Even though a diagnosis can be made with high accuracy in 

patients, a standard treatment may not give high treatment success because of distinct 

and different mechanisms taking effect in patients. This kind of individual 

differences among patients is known as inter-tumor heterogeneity. It might also be 

observed in tumors of same patient, showing differences located in different parts of 

the body. That might represent another form of inter-tumor heterogeneity (6). 

Individual differences might be even more complicated with intra-tumor 

heterogeneity. Tumors might have distinct sub-populations within the same tumor. 

Each might accumulate different mutations, CNAs or epigenetic changes. This might 

lead to differences in therapy responses. Both inter-tumor and intra-tumor 

heterogeneity should be considered to benefit from treatment options. However, it is 

not always possible to identify heterogeneity, which makes an obstacle to apply 

effective therapeutic strategies. For this reason, it is urgent to develop therapeutic 

strategies to consider heterogeneity and improve treatment success (6).    

Unfortunately, the one-size-fits-all approach used in chemotherapy fails to 

account for heterogeneities, which can result in either a lack of response or the 

development of resistance in a short period. This significantly hinders the success of 

the treatment process. Gaining a deeper understanding of resistance mechanisms can 

enable more rational drug administration and facilitate the development of new 

therapeutic strategies. Therefore, extensive efforts have been made to elucidate 

resistance mechanisms in cancer (7). 

In this thesis, DNN models based on a TL approach were aimed to develop 

robust drug response predictions and provide insights into drug resistance 

mechanisms. The study focused on multi-omics integration (MI), which includes 

gene expression, somatic mutation, and CNA data. Rather than analyzing drugs 

individually, drugs targeting the same pathway were aimed to be grouped to 
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demonstrate that combining drugs with shared mechanisms enhances the 

performance of drug response predictions. The GDSC was utilized as the training 

dataset, while in vivo PDX and ex vivo TCGA datasets were used as external 

datasets (8-10). Drug response predictions were conducted for erlotinib, paclitaxel, 

docetaxel, cetuximab, 5-FU, gemcitabine, temozolomide, cisplatin, and doxorubicin, 

all of which were profiled across the datasets. Multi-omics pan-drug models were 

aimed to apply for exploring the potential of integrating multi-omics data for 

improved predictive power. Gene features of the pan-drug models, which robustly 

predicted drug responses, were analyzed using pathfindR, which is a pathway 

enrichment analysis tool that identifies active subnetworks (11). This analysis aimed 

to investigate resistance mechanisms of paclitaxel, 5-FU, gemcitabine, and 

cetuximab that are shared between the PDX and TCGA, with the dual purpose of 

elucidating known drug resistance mechanisms and identifying novel ones. In 

addition, Fisher’s exact test (FET) was performed to evaluate the association of 

mutations and CNAs with drug resistance. Finally, gene-level and pathway-level 

predictive performances were assessed in the TCGA using Cox proportional hazards 

(CoxPH) regression models. Kaplan-Meier (KM) survival curves were also 

generated for mutation and CNA groups with drug resistance, and statistical 

significance between groups was determined using the log-rank test (LRT). 
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2. BACKGROUND 

2.1.  Cancer 

Cancer is a complex, high heterogeneity disease that arises from various genetic 

and epigenetic changes driving uncontrolled cell growth and spreading to other parts 

of the body. Although it was recognized in the mid-20th century that cancer cells 

originate from normal cells, the underlying molecular alterations have become much 

better understood in recent years in parallel with advances in molecular biology. The 

discovery that somatic mutations in driver genes cause uncontrolled cell growth and 

tissue invasion has led to cancer being characterized as “a disease of the genes”. 

However, the notion that genetic heterogeneity in cancer cell populations arises 

solely from fixed somatic mutations in genes has contributed to gaps in our 

understanding of cancer. It is now widely recognized that cancer cell populations 

undergo evolutionary adaptation via natural selection with diverse mechanisms such 

as interaction with the tumor microenvironment (TME), metabolic reprogramming, 

and immune evasion (12). In particular, changes in blood flow, host immune 

responses, and environmental conditions generate selective pressures that drive the 

adaptation of cancer cells, ultimately leading to resistance or sensitivity to various 

therapies (13).  

Cancer is responsible for millions of deaths annually and ranks alongside heart 

disease as one of the two leading causes of death (14). According to reports from the 

Centers for Disease Control and Prevention (CDC), malignant neoplasms accounted 

for 22,7% of all deaths in the United States in 2022, making them the second leading 

cause of death after heart disease (15). Moreover, according to the American Cancer 

Society, an estimated 2,001,140 new cancer cases and 611,720 cancer-related deaths 

were expected in the United States in 2024. Since 1991, cancer mortality rates have 

declined, falling from over 4 million deaths in 1991 to fewer than 4 million per year 

since 2021. This decline is attributed to reductions in smoking rates, earlier detection 

of certain cancers, and advances in treatment options (16). 
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Development of cancer is driven by several hallmarks, which include sustaining 

proliferative signaling, evading growth suppressors, resisting programmed cell death, 

enabling replicative immortality, promoting angiogenesis, facilitating invasion and 

metastasis, deregulating cellular energetics, and avoiding immune destruction (17). 

Various treatment approaches such as surgery, radiation therapy, chemotherapy, 

targeted therapy, immunotherapy, and hormone therapy are individualized according 

to the type and stage of cancer, underlying molecular and genetic alterations, and the 

overall health status of patients (18, 19). However, the success of treatments can be 

limited due to the development of several drug resistance mechanisms. Increased 

drug efflux, drug inactivation and detoxification, changes in drug targets, enhanced 

DNA repair, apoptotic evasion, immune evasion, activation of alternative signaling 

pathways, changes in the TME, epigenetic changes, metabolic reprogramming, and 

epithelial-to-mesenchymal transition (EMT) are examples of such diverse and 

complex resistance mechanisms (20, 21). 

2.1.1. Treatment of cancer 

2.1.1.1. Surgery 

Surgery is an effective intervention method in some cases; however, it may not 

be effective in removing tumors especially in the later stages of the disease. In such 

cases, chemotherapy is initially administered to shrink the tumor, making it more 

amenable to subsequent intervention. This procedure is known as neoadjuvant 

chemotherapy. Nevertheless, post-operative chemotherapy may still be necessary to 

enhance therapeutic efficacy. In this context, adjuvant chemotherapy is applied 

following surgical removal. Both neoadjuvant and adjuvant chemotherapy are 

common procedures used before and after surgical intervention (22). 
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2.1.1.2. Radiotherapy 

Radiotherapy, which utilizes high-energy radiation, is an effective method for 

cancer treatment. In many cases, it is combined with surgical intervention and 

pharmacological therapy; however, it can also be used as a standalone treatment in 

certain situations. It is particularly effective for targeting localized tumors, and exerts 

its therapeutic effect by inducing DNA damage in cancer cells, thereby impairing 

their ability to replicate or triggering apoptosis (22). 

2.1.1.3. Chemotherapy 

Chemotherapy is a systemic treatment method that targets and eliminates rapidly 

dividing and uncontrollably proliferating cells. It is commonly employed when 

surgical resection and radiotherapy are not feasible, and when targeted therapies or 

hormone-based treatments are not appropriate. The major classes of 

chemotherapeutic agents include alkylating agents, antimetabolites, anthracyclines, 

mitotic inhibitors, topoisomerase inhibitors, and platinum-based compounds (23). 

Alkylating agents exert their effect by adding alkyl groups to DNA, particularly 

during replication, which leads to DNA damage and impaired cell division. Common 

alkylating agents used in chemotherapy include cyclophosphamide, dacarbazine, and 

temozolomide (24). However, temozolomide and dacarbazine are pro-drugs that 

exert their effects through DNA methylation. Technically, they act like alkylating 

agents and are sometimes referred to as alkylating-like agents. These agents may be 

administered as monotherapy or in combination with other chemotherapeutic drugs 

depending on the cancer type, disease stage, and patient-specific clinical factors (25, 

26).  

Antimetabolites exert their effects by inhibiting DNA and RNA synthesis. 

Common examples include 5-FU, methotrexate, gemcitabine, and capecitabine. 

These agents are primarily used in the treatment of specific cancer types such as 
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pancreatic, breast, gastric, and bladder cancers. In most cases, they are administered 

in combination with other chemotherapeutic agents (27).  

Anthracyclines are highly effective chemotherapeutic agents that kill cancer 

cells by interfering with DNA replication through the disruption of DNA strands. 

Doxorubicin, epirubicin, and daunorubicin are well-known anthracyclines commonly 

used in the treatment of breast cancer, lymphoma, and sarcoma (28).  

Mitotic inhibitors disrupt cell division and change microtubule dynamics. They 

might exert their effects on cytoskeleton; thus, it may also change cytoskeletal 

dynamics. Paclitaxel and docetaxel are examples of mitotic inhibitors. These two 

drugs are also known as cytoskeletal inhibitors. These group of inhibitors are highly 

effective in rapidly dividing cancer cells as in the case of breast cancer (29).  

Topoisomerase inhibitors block topoisomerase enzyme to show its effect by 

interfering in DNA replication process. Irinotecan and topotecan are two example 

topoisomerase inhibitors that are widely used in the treatment (30). 

Platinum based drugs are used to inhibit DNA replication process and 

transcription by forming cross-links. They are highly effective in diverse cancer 

types such as ovarian and testicular cancer. Carboplatin, cisplatin, and oxaliplatin are 

examples of platinum-based drugs (31). 

2.1.1.4. Immunotherapy 

Unlike chemotherapy, which non-selectively targets all rapidly dividing cells, 

immunotherapy aims to eliminate cancer cells by harnessing the body’s immune 

system. This treatment approach enables the immune system to recognize and 

respond to cancer cells, potentially leading to effective therapeutic outcomes. 

However, its efficacy is often limited to specific cancer types and depends on certain 

biological conditions. Among the various immunotherapeutic strategies, immune 

checkpoint inhibitors are the most widely used. These agents are designed to block 
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specific inhibitory proteins, thereby enhancing the immune system’s ability to 

recognize and selectively attack cancer cells (32). 

Another approach is the use of cancer vaccines. These vaccines, which represent 

an emerging form of immunotherapy, aim to stimulate the immune system in 

advance by enabling the recognition of specific tumor-associated antigens. 

Sipuleucel-T, a Food and Drug Administration (FDA)-approved vaccine for prostate 

cancer, is a notable example (33). 

Adoptive cell therapy is another innovative immunotherapy approach with 

significant therapeutic potential. In this method, T-cells are genetically modified to 

enhance their ability to recognize and eliminate cancer cells more effectively (34).  

Another cutting-edge immunotherapy with promising potential is chimeric 

antigen receptor T-cell (CAR-T) therapy. This approach involves engineering T-cells 

to express chimeric antigen receptors, thereby enhancing the immune response and 

promoting a more effective antitumor activity. CAR-T therapy is primarily designed 

for the treatment of certain leukemias and lymphomas (35). 

Cytokine therapy is an immunotherapeutic approach that aims to enhance the 

immune response through the administration of specific cytokines. Interferon-alpha 

is one of the most commonly used cytokines for this purpose. By strengthening the 

immune system, cytokine therapy improves the body’s ability to target and eliminate 

cancer cells. This strategy can significantly enhance treatment efficacy in certain 

cancer types (36). 

Monoclonal antibodies represent a treatment modality that can significantly 

improve treatment success in specific cancer types. By specifically targeting specific 

antigens in the body, the immune system is given the opportunity to send a signal. 

Immune cells that receive this signal specifically attack only the cancer cells from 

which the signal come. Trastuzumab, which has been used successfully in the 
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treatment of HER2-positive breast cancer, is an example of a therapy using 

monoclonal antibody (37). 

Oncolytic virus therapy uses genetically modified viruses in a dual-action 

approach, not only targeting cancer cells but also boosting the immune response. 

Such viruses infect cancer cells specifically and do not harm normal cells. While 

inside the cancer cell, it replicates its genetic material by replication. After a certain 

period of time, the cell lyses and virus fragments spread around. This in turn recruits 

other immune system cells to kill the remaining cancer cells (38). Talimogene 

laherparepvec, which has been approved by the FDA for the treatment of melanoma,  

is a therapeutic approach developed using this technology (39). 

2.1.1.5. Targeted therapy 

Unlike chemotherapy, which targets all rapidly dividing cells, targeted therapy is 

designed to selectively kill cancer cells based on specific molecular targets. This high 

level of precision offers a significant therapeutic advantage by minimizing damage to 

normal cells. As a result, side effects are reduced, and more effective and durable 

responses can be achieved in the treatment of cancer (40). 

Some clinically available targeted drug examples are imatinib, erlotinib, and 

gefitinib. Imatinib, a tyrosine kinase inhibitor (TKI), targets the BCR-ABL fusion 

protein and provides high success in the treatment of chronic myeloid leukemia. 

Erlotinib and gefitinib, which target EGFR, are other examples that have been used 

effectively in lung cancer. However, targeted therapies are not usually used alone. 

Other supportive treatment modalities such as various forms of chemotherapy or 

radiotherapy are administered during or after the targeted therapy (41). 

Although the development of resistance to targeted therapies is not usually as 

rapid as to chemotherapy, it is possible for cancer cells to develop resistance against 

them over prolonged treatment. Various genomic changes such as mutations and 

CNAs may play an important role in the failure of targeted therapy (42).  
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2.1.1.6. Hormone therapy 

Hormone therapy requires the development of hormone-induced cancer cells 

before it is administered. By blocking the hormone-dependent interaction, the cancer 

cells are deprived of hormones and are prone to die. Drugs developed for this 

purpose usually bind to receptors on specific cancer cells, and either kill them or 

inhibit their growth signal, thus providing effective therapy against cancer. 

Tamoxifen, which blocks the effects of estrogen in breast cancer, is an aromatase 

inhibitor in this group (43). 

With hormone therapy, there may be a risk of cancer recurrence. To prevent 

recurrence, chemotherapy is often applied even after treatment as adjuvant therapy. 

Chemotherapy may also be used to shrink the tumor before hormone therapy as 

neoadjuvant chemotherapy. However, there is a risk of resistance developing over 

time. Mutations in receptors may reduce the need of cancer cells for external 

hormones. Alternative signaling pathways are activated to increase survival and 

proliferation. Diversification of treatment may be important in this respect. Drug 

therapies that affect multiple mechanisms can be administered as combination 

therapy. The application of immunotherapy with hormone therapy can also lead to 

positive improvements in treatment success (43). 

2.1.2. Drug resistance mechanisms in cancer 

   
Drug resistance in cancer can arise through a variety of mechanisms, and 

understanding these mechanisms is critical for improving therapeutic efficacy. These 

mechanisms include altered drug transport, drug inactivation and detoxification, 

changes in drug targets, enhanced DNA repair, apoptotic evasion, immune evasion, 

activation of alternative signaling pathways, changes in the TME, epigenetic 

changes, metabolic reprogramming, and EMT (21, 44). In the subheadings below, 

drug resistance mechanisms are briefly explained. 
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2.1.2.1. Altered drug transport 

One of the best-characterized mechanisms of drug resistance is altered drug 

transport resulting from the dysregulation of influx and efflux transporters (20). 

Resistance may develop when efflux transporters are up-regulated or influx 

transporters are down-regulated, leading to reduced intracellular drug accumulation. 

The most commonly implicated transporters in this context are the ATP-binding 

cassette (ABC) and solute carrier (SLC) family members (45, 46). 

The ABC transporter family, composed of membrane-bound proteins, plays a 

key role in the efflux of drugs from cells. Numerous studies have reported that the 

upregulation of these transporters is associated with the development of multidrug 

resistance (MDR) (46). The most well-known members of the ABC transporter 

family include P-glycoprotein (encoded by the ABCB1 gene), MRP1 (encoded by 

the ABCC1 gene), and BCRP (encoded by the ABCG2 gene). Targeting these 

transporters has been one of the most extensively investigated strategies for 

overcoming the MDR in cancer therapy (47). For example, upregulation of ABCB1 

has been associated with docetaxel resistance in the triple-negative breast cancer 

(TNBC) cell line MDA-MB-231 (47). Similarly, increased expression of ABCB1 and 

ABCG2 in ovarian cancer cell lines has been linked to resistance to the 

topoisomerase inhibitor topotecan (48). Furthermore, upregulation of ABCB1 in 

multiple myeloma cells has been shown to reduce the efficacy of carfilzomib, which 

is a proteasome inhibitor, by promoting drug efflux (49). 

SLC family comprises more than 400 members, which are classified into 

different subfamilies based on sequence similarity. SLC transporters perform 

essential physiological functions by mediating the transport of nucleotides, sugars, 

lipids, amino acids, and peptides (45). Several SLC transporters have also been 

implicated in drug resistance. For instance, SLCO1A2 has been associated with 

resistance to imatinib and methotrexate; SLCO1B1 with cisplatin, carboplatin, 

oxaliplatin, regorafenib, belzutifan, SN-38, etoposide, tamoxifen, and sorafenib; 
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SLC22A1 with dasatinib and nintedanib; and SLC22A5 with etoposide and imatinib 

in various cancer types (50). 

2.1.2.2. Drug inactivation and detoxification 

Alterations in drug metabolism are among the key factors contributing to the 

development of cancer drug resistance. Similar to changes in drug transport, they 

influence the intracellular and extracellular concentrations of therapeutic agents. 

However, drug inactivation and detoxification represent distinct mechanisms. Drugs 

may undergo chemical modifications such as oxidation, reduction, and hydrolysis, 

which can result in reduced activity and contribute to cellular protection against 

cytotoxic effects. Low enzymatic activity may impair the activation of pro-drugs, 

while elevated activity can promote drug inactivation. A notable example is the 

development of resistance in breast cancer due to enhanced cytochrome P450 

activity, which has also been specifically linked to docetaxel resistance. Conversely, 

reduced cytochrome P450 activity has been associated with improved treatment 

responses. Docetaxel is metabolized into conjugated forms such as glucuronic acid, 

sulfate, and glutathione, leading to a decrease in its cytotoxic activity. Studies have 

shown that increased glutathione levels promote docetaxel detoxification, primarily 

through the action of glutathione S-transferase enzymes. This detoxification 

mechanism is not limited to docetaxel; it also plays a significant role in resistance to 

various alkylating agents and platinum-based chemotherapeutics (20). 

2.1.2.3. Changes in drug targets 

Targeted therapies can be highly effective in certain types of cancer (51). 

However, factors such as point mutations, gene amplification, alternative splicing, 

and post-translational modifications at the drug target site can induce resistance by 

reducing binding affinity or disrupting molecular interactions (52, 53). As a result of 

these alterations, targeted drugs that were initially effective may lose their efficacy, 

necessitating the use of alternative therapeutic strategies (54). For example, it is well 
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established that the efficacy of TKIs in non-small cell lung cancer (NSCLC) is 

reduced due to mutations in EGFR (54). Osimertinib, which is a third-generation 

TKI, is specifically used to target certain EGFR mutations. However, resistance to 

osimertinib has been associated with the emergence of secondary mutations such as 

C797S and alterations in MET in some NSCLC patients (55). Another example is the 

association between alterations in topoisomerase II and drug resistance. A synthetic 

phenanthridine alkaloid (NK314) has been identified as an effective compound with 

this purpose. Gene deletions affecting Top2α cleavage complexes (Top2αccs) have 

been shown to confer resistance to NK314 in in vivo experiments (56). Furthermore, 

mutations in estrogen receptors in estrogen receptor-positive breast cancer have been 

shown to diminish the effectiveness of hormone therapy. Y537S and Y537C 

mutations are examples that cause resistance independently of the ligand in breast 

cancer cell lines (57). 

2.1.2.4. Enhanced DNA repair 

Various chemotherapeutic agents exert their cytotoxic effects by inducing 

different types of DNA damage, which contributes to their therapeutic efficacy but 

may also lead to the development of resistance (58). Hyperactivation of DNA repair 

pathways such as nucleotide excision repair, base excision repair, mismatch repair, 

homologous recombination, and non-homologous end joining can enable cancer cells 

to efficiently repair drug-induced DNA lesions (59-62). This enhanced repair 

capacity diminishes drug efficacy and promotes therapeutic resistance. Upregulation 

of key genes within these pathways has been associated with resistance to multiple 

drugs (63). For example, deletions in the phosphatase regulator NIPP1 have been 

shown to give strong resistance to chemically induced hepatocellular and skin 

carcinoma in mice by increasing expression of rate-limiting DNA repair proteins 

such as MGMT in the liver and XPD in the skin (64). In addition, upregulation of the 

nucleotide excision repair gene ERCC1 has been associated with cisplatin resistance 

in human cervical cancer cells (65). Furthermore, temozolomide resistance has been 

reported in mismatch repair-deficient human glioblastoma cells due to upregulation 
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of PARP gene by increasing DNA repair capacity. However, increased sensitivity to 

temozolomide has been observed when PARP inhibitors are applied,  which reverses 

resistance caused by enhanced DNA repair mechanisms (66). 

2.1.2.5. Apoptotic evasion 

Apoptosis is a tightly regulated, energy-dependent process characterized by cell 

shrinkage, chromatin condensation, DNA fragmentation, membrane blebbing, and 

the formation of apoptotic bodies (67). The evasion of this programmed cell death 

mechanism is a fundamental strategy by which cancer cells resist the effects of 

therapeutic agents (68). In the apoptotic signaling pathway, upregulation of anti-

apoptotic genes such as BCL-2, BCL-XL, and MCL-1, or downregulation of pro-

apoptotic genes such as BAX and BAK can lead to dysfunction of apoptotic 

processes. As a result, cancer cells may acquire a survival advantage and evade the 

cytotoxic effects of therapeutic interventions (69). 

Apoptosis can contribute to drug resistance through two main mechanisms: the 

extrinsic and intrinsic pathways. In the extrinsic pathway, ligands such as TRAIL, 

TWEAK, and NGF bind to pro-apoptotic death receptors, initiating downstream 

signaling through adaptor proteins and caspases. In the intrinsic pathway, members 

of the BCL-2 family such as Bmf, Bik, and Bad inhibit anti-apoptotic proteins like 

BCL-2, promoting mitochondrial outer membrane permeabilization. BCL-2, which 

can suppress p53 activity, is a well-known anti-apoptotic protein. Anti-apoptotic 

mediators operate in both pathways. For example, BCL-XL inhibits pro-apoptotic 

factors such as BAX, BAK, granzyme B, and p53 in the intrinsic pathway. In the 

extrinsic pathway, c-FLIP and NF-κB are key anti-apoptotic regulators. c-FLIP 

inhibits the activation of caspases by preventing their recruitment to death-inducing 

signaling complexes, while NF-κB promotes resistance by upregulating anti-

apoptotic genes including c-FLIP. Additionally, alternative signaling pathways such 

as JAK/STAT, MAPK, and the expression of inhibitors of apoptosis proteins such as 
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survivin and XIAP also play important roles in suppressing apoptosis and promoting 

drug resistance (69). 

2.1.2.6.  Immune evasion 

The ability of cancer cells to evade immune surveillance and develop resistance 

to immunotherapies is a well-documented phenomenon. Tumor cells employ 

multiple strategies to escape detection and elimination by the immune system. These 

include downregulation of tumor-associated antigens, loss of major 

histocompatibility complex class I expression, secretion of immunosuppressive 

cytokines, and recruitment of regulatory T-cells and myeloid-derived suppressor 

cells. These mechanisms collectively contribute to the suppression of cytotoxic T 

lymphocyte and natural killer cell activation, resulting in an immunosuppressive 

TME that impairs effective immune responses. Moreover, the upregulation of 

immune checkpoint molecules such as PD-L1 on tumor cells can inhibit T-cell 

function and has been implicated in resistance to immune checkpoint inhibitors. 

Therefore, overcoming immune evasion remains a major challenge, and continued 

research is essential to enhance the efficacy of immunotherapies (70). 

2.1.2.7.  Activation of alternative signaling pathways 

The activation of alternative signaling pathways is a well-recognized mechanism 

underlying resistance to targeted therapies. In response to the inhibition of primary 

oncogenic drivers, cancer cells can engage compensatory signaling networks to 

sustain survival, proliferation, invasion, and metastatic capabilities. This adaptive 

mechanism is frequently observed across various cancer types and therapeutic 

contexts, emphasizing the necessity of developing effective combination strategies 

that simultaneously target both primary and alternative pathways. Addressing this 

mode of resistance is crucial for enhancing the long-term efficacy of anti-cancer 

treatments (71, 72). 
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There are well-documented examples in the literature of resistance mechanisms 

involving the activation of alternative signaling pathways. One such example is 

resistance to EGFR-targeted inhibitors such as erlotinib and gefitinib in the NSCLC, 

where MET amplification maintains downstream signaling via the PI3K/Akt 

pathway independently of EGFR (73, 74). Similarly, HER2 amplification can sustain 

MAPK/PI3K pathway activity despite EGFR inhibition (75). In melanoma, 

resistance to BRAF inhibitors such as vemurafenib has been linked to activation of 

MEK and/or PI3K/Akt signaling. This may occur through MEK upregulation, which 

lies downstream of BRAF, or through loss of PTEN, leading to PI3K/Akt pathway 

activation (76). Another example involves resistance to ALK inhibitors, where 

compensatory activation of EGFR and/or IGF-1R signaling reactivates PI3K/Akt and 

MAPK signaling pathways, promoting tumor survival and drug resistance (77).  

2.1.2.8.  Changes in the TME 

Understanding the alterations within the TME is essential for elucidating the 

mechanisms underlying cancer drug resistance. Disruptions in the dynamic and 

heterogeneous interactions between cancer cells and various TME components such 

as fibroblasts, endothelial cells, immune cells, the extracellular matrix (ECM), 

signaling molecules, and cytokines have been strongly associated with resistance to 

therapy (78). Several TME-related changes can contribute to drug resistance through 

distinct ways. First, cancer-associated fibroblasts secrete growth factors, cytokines, 

and ECM components that impair drug penetration, promote tumor cell survival, and 

enhance immune evasion (79). Second, the formation of a hypoxic environment 

within the TME activates hypoxia-inducible factors, which in turn upregulate genes 

involved in angiogenesis, glycolysis, autophagy, and drug efflux, which can reduce 

drug efficacy (80). Third, the recruitment of immunosuppressive cells such as tumor-

associated macrophages myeloid-derived suppressor cells, and regulatory T-cells 

creates an immunosuppressive environment, which can diminish the effectiveness of 

immunotherapies (81). Fourth, ECM remodeling and increased tissue stiffness can 

further restrict drug diffusion. In such conditions, activation of integrin-mediated 
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signaling has been shown to promote resistance to apoptosis and contribute to 

therapeutic failure (82). These TME-mediated alterations create a protective niche 

for tumor cells, representing a major challenge to effective cancer drug treatment. 

Therefore, targeting TME components is critical for overcoming drug resistance and 

improving therapeutic outcomes. 

2.1.2.9. Epigenetic changes 

Epigenetic changes such as DNA methylation, histone modifications, chromatin-

remodeling complexes, and non-coding RNAs regulate gene expression through 

reversible mechanisms without altering the DNA sequence (83). These modifications 

play a critical role in the development of drug resistance in cancer (84). Epigenetic 

alterations can lead to the downregulation of tumor suppressor genes and the 

upregulation of oncogenes, thereby disrupting apoptotic pathways and enhancing the 

survival potential of cancer cells (85). For instance, hypermethylation of promoter 

CpG islands in tumor suppressor genes such as CDKN2A disrupt apoptosis and 

contribute to drug resistance (86). Conversely, hypomethylation of enhancer regions 

can up-regulate ABC transporter genes, which are responsible for promoting drug 

efflux and reducing intracellular drug accumulation (87). Histone deacetylation, 

which is mediated by histone deacetylases, can repress pro-apoptotic genes such as 

BAX and PUMA, thereby lead to drug resistance (88). Enhanced activity of histone 

methyltransferases like EZH2 has been shown to silence immune-related genes, 

promoting immune evasion and resistance to immune checkpoint inhibitors (89). In 

addition, non-coding RNAs can contribute to drug resistance via epigenetic 

regulation. For example, upregulation of miR-21 can down-regulate PTEN, leading 

to activation of the PI3K/Akt signaling pathway. These changes have been linked to 

drug resistance in cancer (90). Similarly, HOTAIR can interact with the PRC2 

complex to suppress HOXD gene expression, which has been reported to contribute 

to cancer drug resistance (91). 
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2.1.2.10.  Metabolic reprogramming 

Cancer cells can gain a survival advantage by reprogramming their metabolic 

activities. By efficiently managing energy production, they adapt to extreme 

environmental conditions, which can lead to the development of drug resistance. 

Even in the presence of oxygen, they may preferentially utilize glycolysis over 

oxidative phosphorylation through a process known as the Warburg effect (92). 

Under hypoxic conditions with limited oxygen availability, they can use alternative 

metabolites such as lactate as an energy source (93). Cancer cells also heavily rely on 

glutamine metabolism to support their metabolic demands. By upregulating 

glutaminase expression, they enhance the stabilization of reactive oxygen species 

(ROS), thereby improving their capacity to neutralize ROS generated by 

chemotherapeutic agents (94). Fatty acid metabolism may also play an important role 

in drug resistance as it can be exploited by cancer cells. To evade oxidative stress, 

cancer cells may rely on fatty acids as an alternative energy source (95). Moreover, 

they can alter their mitochondrial metabolism to enhance their ability to withstand 

therapeutic stress by dynamically modulating oxidative phosphorylation and 

glycolysis according to changing metabolic demands (96). 

2.1.2.11.  EMT 

EMT is a dynamic biological process in which cancer cells transition from an 

epithelial phenotype to a mesenchymal phenotype and is recognized as a key 

mechanism in the development of drug resistance. During EMT, epithelial cells lose 

their cell-cell adhesion properties and acquire enhanced motility and invasive 

capabilities. This transition is marked by the downregulation of epithelial markers 

such as E-cadherin and the upregulation of mesenchymal markers including N-

cadherin, vimentin, and transcription factors (TFs) such as ZEB1, SNAI1 (Snail), 

SNAI2 (Slug), and TWIST1 (97). During EMT, cancer cells gain a survival 

advantage by promoting anti-apoptotic signaling pathways, increasing drug efflux 

pumps, and decreasing proliferation, which allow them to evade the cytotoxic effects 
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of therapeutic agents (98). Many studies have demonstrated a strong association 

between EMT and the development of drug resistance in various cancer types (99). 

For example, it has been reported that the upregulation of SNAI1 and SNAI2  

induces resistance to gefitinib in EGFR-mutant lung cancer cell lines (100). 

Similarly, PAX6 has been shown to bind and regulate the promoter region of ZEB2, 

another well-known EMT TF, thereby promoting cisplatin resistance in the NSCLC 

via the PI3K/Akt signaling pathway during the EMT process (101). Moreover, AXL, 

a receptor tyrosine kinase associated with EMT, is up-regulated and confers 

resistance to osimertinib in EGFR-mutant NSCLC cells (102). Finally, the 

upregulation of SNAI1 has been observed in basal-like breast cancer MDA-MB-231 

cells and is associated with resistance to gemcitabine and doxorubicin (103). 

2.2. DNNs 

DNNs are a type of artificial neural networks with several layers. In its simplest 

form, there must be at least one input layer, one output layer and at least two hidden 

layers between them (104). The more hidden layers there are, the more complex a 

neural network can be, resulting in increased computational power. However, it 

provides an advantage in handling more complex problems. With fewer hidden 

layers, the ability of model handling complex problems may be limited although the 

computational need decreases and rapid modeling is achievable (105). Adding 

nonlinearity is necessary to understand complex relationships (106). For this 

purpose, various activation functions are used in the layers. The most commonly 

used activation function is the rectified linear unit (ReLU). However, alternative 

activation functions such as sigmoid and tanh are also available (107). The use of 

activation functions is indispensable for understanding complex data relationships. 

During model training, optimization is performed to find the optimal weights 

and bias values. For this purpose, the predictive performance of the model is 

evaluated using a loss function that measures the difference between predicted and 

actual outputs. The choice of the loss function depends on the type of problem. For 
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binary classification, binary cross-entropy loss is usually used, while cross-entropy 

loss is preferred for multi-class problems. For regression tasks, the mean square error 

is a standard choice. Optimization algorithms such as stochastic gradient descent, 

Adam, Adagrad, and RMSProp update the parameters of the model to minimize the 

loss function. DNNs use back-propagation for this process. It enables iterative 

updates and loss minimization to update parameters (108). 

DNNs have trainable parameters such as weights and biases that are learned 

during training. These parameters can be further fine-tuned to improve the 

performance of the model. Hyperparameters that are tuned during training include 

learning rate, batch size, epoch, dropout rate, and weight decay. The learning rate 

determines the range for updating the weights. High rates might miss the optimal 

solution, while low rates might reach convergence slowly. Batch size divides the 

dataset into smaller subsets, standardizing training and increasing generalizability. 

Epochs represent the exact number of passes through the dataset, and early stopping 

can be applied to terminate training when performance stops improving. Dropout 

prevents overfitting by randomly deactivating a fraction of neurons during training 

and provides various weight updates. Weight decay regularizes the model by 

penalizing large weights to prevent overfitting and improve generalization (109). 

DNNs have gained significant popularity in drug response prediction and 

various other biological applications involving multi-omics data integration. They 

are favored for their ability to effectively capture complex relationships and show 

high performance. However, DNNs require a significant number of samples to 

perform optimally and their performance can be suboptimal when sample size is 

limited. The sample size of omics data is unfortunately not large. Despite the 

presence of tens of thousands of gene features, the sample size is often significantly 

smaller. In fact, working with samples with drug response information leads to even 

smaller sample sizes. Therefore, predicting drug response robustly with DNNs at low 

sample size is a great challenge (110). 
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2.3. TL Approach 

TL is a machine learning approach where knowledge gained from large, diverse, 

and generalizable models is transferred to other relevant domains (111). This 

approach is particularly useful when the target dataset is limited in size. However, 

training large datasets is both computationally demanding and time-consuming. TL 

has a great advantage in this regard. It does not need to train large datasets over 

several times. Instead, with fine-tuning, the trainable weight and bias parameters can 

be updated and the model can be easily used for the data to be tested (112) .    

Another advantage of TL is its ability to handle distribution shifts between 

training and test datasets, a challenge that is often difficult to address with traditional 

methods. TL provides a highly generalizable approach. It enables robust performance 

across different datasets. This eliminates the need for dataset-specific training and 

testing (113). 

DNNs are particularly effective when combined with a TL approach. They are 

excellent in handling high-dimensional data; thus, it makes them ideal for models 

integrating multi-omics data. Unlike traditional machine learning methods, DNNs 

can manage sparse data types such as mutations. In the mean time, they can 

effectively model complex relationships. Moreover, DNNs do not need feature 

selection methods because they are good at feature representation. This eliminates 

the need for dataset-specific feature selection as in the case of other machine learning 

methods (114).  
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3. MATERIALS AND METHODS 

In this thesis, drug response prediction was performed by integrating multi-

omics data with DNNs using a TL approach. Additionally, the resistance mechanisms 

of the drugs were investigated. For this purpose, the GDSC was used as the training 

dataset, while the PDX and TCGA were used as test datasets. The GDSC dataset 

contains gene expression, mutation, and CNA data from human cancer cell lines 

representing various cancer types. In the modeling approach, three different 

integrations were applied: expression-mutation integrated model (EM), expression-

CNA integrated model (EC), and expression-mutation-CNA integrated model 

(EMC). Binary drug response data from the GDSC was used as input, and model 

performances were evaluated on the PDX and TCGA datasets (8-10). 

When integrating response profiles of drugs, drugs targeting the same pathway 

were grouped to build pan-drug models. Instead of using all genes, differentially 

expressed genes (DEGs) were identified between resistant and sensitive samples for 

each drug. DEGs from each drug in the inhibitor group were unionized. In this way, 

it was possible to represent at least one DEG per drug. The EM, EC, and EMC pan-

drug models were trained separately with drug groups including mitotic, cytoskeletal, 

DNA replication, and EGFR signaling pathway inhibitors. In other words, for each 

inhibitor group, all the three pan-drug models were built. Their performance in 

external datasets was evaluated using the area under the precision-recall curve 

(AUCPR) metric. Predictions were made for paclitaxel, 5-FU, gemcitabine, and 

cetuximab, which are shared between external datasets. For drug response prediction, 

four different strategies were followed with these common drugs, and robust 

predictions were performed. Afterwards, the performance of pan-drug models was 

compared in detail across strategies for assessing predictive power. The workflow 

outlining the steps involved in modeling and drug response prediction is presented in 

Figure 1. 
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Enrichment analyses using pathfindR were performed with the gene features of 

the strongest models predicting the TCGA data in order to obtain clinically relevant 

resistance mechanisms (11). By comparing the enrichment results of the top-

performing pan-drug models across strategies, both general and drug-specific 

resistance mechanisms were explored. The shared enriched terms across strategies 

were regarded as general resistance mechanisms; on the other hand, unique terms 

were regarded as drug-specific resistance mechanisms. In addition, FET was applied 

to associate resistance with mutation and CNA statuses of genes identified within 

enriched terms. While pathfindR associates resistance primarily with transcriptional 

changes, FET can reveal potential associations with mutations or CNAs. This might 

show genomic-level changes complement transcriptional changes in resistance 

mechanisms. The detailed information for all stages is provided under the 

subheadings below. 
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Figure 1. The workflow for predicting drug responses in the PDX and TCGA using a 
DNN- and MI-based TL approach



3.1. Datasets 

Separate training datasets were constructed for the four distinct inhibitor groups 

(mitotic, cytoskeletal, DNA replication, and EGFR signaling inhibitors) based on 

their pathways in the GDSC dataset. Due to inclusion of paclitaxel in both the 

mitotic and cytoskeletal inhibitor groups, drug response of paclitaxel was evaluated 

in both contexts. Sample sizes of the GDSC, PDX, and TCGA datasets are given as 

to inhibitor groups below. 

3.1.1. Pan-drug dataset with mitotic inhibitors 

Multi-omics data (gene expression, somatic mutation, and CNA) from 19 

different tissue cell lines were utilized in models along with response data from 11 

drugs in the mitotic inhibitor group. Paclitaxel, which is regarded as both mitotic and 

cytoskeletal inhibitor, was included in the test dataset (115). Figure 2 illustrates the 

tissue origins of the cell lines in the GDSC, and lists the drugs with their 

corresponding numbers. 

GDSC consists of 6360 samples, including 911 samples belonging to the 

NSCLC and breast adenocarcinoma (BRCA) cohorts. There are 602 sensitive and 

5758 resistant samples in the dataset which shows a significant class imbalance. 

Only 9% of the samples are sensitive. In addition, 14% of the samples are sensitive 

for both cohorts, which were used in test datasets for paclitaxel response prediction 

(Figure 2A).  

GDSC consists of 370 cell lines treated with paclitaxel (Figure 2B). Only 31 

samples correspond to the NSCLC (20 samples) and the BRCA (11 samples), 

accounting for 8% of the total samples. 26 samples are paclitaxel-sensitive, whereas 

344 are paclitaxel-resistant, showing only 7% of samples are sensitive (Figure 2C). 

PDX includes 43 samples; however, only 5 of the samples are paclitaxel-

sensitive, and 38 samples are paclitaxel-resistant. All sensitive samples belong to the 
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BRCA cohort, and the NSCLC cohort are full of with resistant samples. In total, 56% 

of the samples belong to the BRCA cohort, comprising 24 samples (Figure 2D). 

The TCGA dataset is more diverse, including samples from five different 

cohorts. The BRCA is the dominant cohort, accounting for 77% of the 35 TCGA 

paclitaxel treated samples. There are 25 paclitaxel-sensitive and 10 paclitaxel-

resistant samples in the TCGA. 22 of the samples are sensitive, and five of the 

samples are resistant in the BRCA cohort (Figure 2E). However, there is a significant 

inconsistency in sensitivity ratios between the PDX and TCGA datasets. The 

inconsistency is particularly evident within the BRCA cohort. 

3.1.2. Pan-drug dataset with cytoskeletal inhibitors 

There are 7561 samples treated with cytoskeletal inhibitors including 11 drugs in 

GDSC. 800 samples belong to the NSCLC cohort, while 405 samples belong to the 

BRCA cohort, which accounts for 16% of the dataset (Figure 3A). High class 

imbalance is also present with cytoskeletal inhibitors. 866 sensitive and 6695 

resistant samples are present among cytoskeleton treated samples.  In addition, only 

11% of the samples is sensitive. The names and counts of cytoskeletal inhibitors are 

presented in Figure 3B. 

3.1.3. Pan-drug dataset with DNA replication inhibitors 

There are 13 different drugs among DNA replication inhibitors. Total sample 

size is 9435. Since both 5-FU and gemcitabine are included in the test datasets, tissue 

types common to pan-drug models in the training set are presented in separate graphs 

for each drug. Figure 4A shows the names and numbers of cell lines treated with 

DNA replication inhibitors categorized by tissue type. Common cancer types in the 

test sets for 5-FU account for 10% of all cell line samples. Overall, 9% of samples 

among DNA replication inhibitors are classified as sensitive. The names and counts 

of inhibitors used, including 5-FU and gemcitabine colored as red, are listed in 

Figure 4B. 11% of the 764 samples treated with 5-FU are sensitive, accounting for 
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82 sensitive samples and 682 resistant samples (Figure 4C). On the other hand, 

gemcitabine samples consist of 761 samples with 7% sensitivity ratio, indicating 

class imbalance is high (Figure 4D). 
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Figure 2. Overview of the GDSC, PDX, and TCGA datasets for paclitaxel response 
prediction with mitotic inhibitors. (A) Number of cell lines screened with mitotic 
inhibitors in the GDSC, (B) List of mitotic inhibitors in the GDSC, (C) Number of 
cell lines screened with paclitaxel in the GDSC, (D) Number of mouse samples 
treated with paclitaxel in the PDX, and (E) Number of human patients treated with 
paclitaxel in the TCGA



PDX samples belong to colorectal cancer (CRC) and pancreatic ductal 

adenocarcinoma (PDAC) cohorts for 5-FU and gemcitabine, respectively. The 5-FU 

PDX samples consists only one sensitive and 22 resistant samples, indicating 4% 

sensitivity ratio (Figure 4E). On the other hand, the gemcitabine PDX samples are 

with more sensitive samples. 28% of the samples are sensitive, accounting for 7 

samples  (Figure 4F).  

TCGA samples are more diverse. There are four different cohorts for 5-FU and 

stomach adenocarcinoma (STAD) is the dominant cohort with 18 samples, five of 

which are resistant. In addition, there are six pancreatic adenocarcinoma (PAAD) 

samples; however, only two of them are sensitive. Esophageal carcinoma (ESCA) 

and rectum adenocarcinoma (READ) cohorts are all sensitive (Figure 4G). For 

gemcitabine, PAAD consists of 87% of TCGA samples, accounting for 48 samples 

with 20 sensitive and 28 resistant profile. Sarcoma (SARC), liver hepatocellular 

carcinoma (LIHC), lung squamous cell carcinoma (LUSC), and pheochromocytoma 

and paraganglioma (PCPG) cohorts are with sensitive samples. There are 55 patients 

treated with gemcitabine in the TCGA, and sensitivity ratio is 36% (Figure 4H). 
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Figure 3. Overview of the GDSC dataset for paclitaxel response prediction with 
cytoskeletal inhibitors. (A) The number of cell lines screened against cytoskeletal 
inhibitors in the GDSC, and (B) the list of cytoskeletal inhibitors included in the 
GDSC.
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Figure 4. Overview of datasets for response prediction with DNA replication 
inhibitors: (A) the number of cell lines screened against DNA replication inhibitors in 
the GDSC, (B) the list of DNA replication inhibitors in the GDSC, (C–D) the number 
of cell lines screened against 5-FU and gemcitabine in the GDSC, (E–F) mouse 
samples treated with 5-FU and gemcitabine in the PDX, and (G–H) human patients 
treated with 5-FU and gemcitabine in the TCGA.



3.1.4. Pan-drug dataset with EGFR signaling inhibitors 

EGFR signaling inhibitors include a total of 5633 samples, 16% of which are 

common to the cancer types treated in the test datasets. The test datasets include the 

NSCLC, the CRC, and head and neck squamous cell carcinoma (HNSC) cohorts. 

794 of the samples are sensitive, representing 14% sensitivity ratio (Figure 5A). The 

training dataset includes eight different EGFR signaling inhibitors. However, afatinib 

is used twice in the dataset since the GDSC consists of duplicated drug response for 

afatinib. Both response data was used in training dataset. 725 of the samples are 

treated with cetuximab (Figure 5B). 725 cetuximab treated cell lines are present, 

consisting of 99 sensitive and 626 resistant samples (Figure 5C).  

In the PDX dataset, the CRC and NSCLC are the only two cohorts. While only 

one sensitive samples in the NSCLC cohort is present in a total of 24 samples, four 

sensitive and 32 resistant CRC samples are present in the dataset. In addition, all 

sensitive samples represent 8% of the total samples, indicating a high class 

imbalance (Figure 5D). In the TCGA, only the HNSC cohort samples consisting of 

nine samples are available. Six of the samples are sensitive and three samples are 

resistant (Figure 5E). 

3.2. Preprocessing of Multi-Omics Datasets 

The GDSC, PDX, and TCGA datasets use different platforms for gene 

expression, mutation, and CNA analyses. Several preprocessing steps were applied to 

handle the differences in platforms to eliminate batch effects. In this way, the 

datasets were made comparable. Preprocessing steps were performed exactly as 

described in the MOLI (116). 

3.2.1. Preprocessing steps with gene expression data 

Affymetrix Human Genome U219 Array was used for expression profiling in the 

GDSC (8). CEL-format files of all cancer cell lines were downloaded from the 
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ArrayExpress database (117). The affy package in R was used to preprocess the raw 

data (118). Robust Multiarray Average (RMA) was chosen as the normalization 

method (119). Background correction, quantile normalization, and log transformation 

of probe intensities were then applied to preprocess the gene expression data (120). 
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Figure 5. Overview of datasets for cetuximab response prediction with EGFR 
signaling inhibitors: (A) the number of cell lines screened against EGFR signaling 
inhibitors in the GDSC, (B) the list of EGFR signaling inhibitors in the GDSC, (C) 
the number of cell lines screened against cetuximab in the GDSC, (D) mouse samples 
treated with cetuximab in the PDX, and (E) human patients treated with cetuximab in 
the TCGA.



Chip description library files and Affymetrix platform specific probe set 

descriptions were downloaded from BrainArray (121). After this step, the Entrez 

Gene IDs of the probe sets obtained by the normalization were found for the probe 

sets. Using the WGCNA R package, intensity values were calculated using the 

“Average” method for those matching more than one probe set (122). Those 

matching multiple Entrez Gene IDs were excluded from the analysis as they were 

considered non-specific. 

Unlike GDSC, expression data in the PDX and TCGA were analyzed with RNA-

Seq. However, there is no raw data in both datasets. Therefore, preprocessed 

expression data were used. RNA-Seq data of the PDX samples was accessed from 

the supplementary file of the manuscript of Gao et al. as fragments per kilobase of 

transcript per million mapped reads (FPKM) format (9). Estimated fractions of 

transcripts in the TCGA calculated with RNA-Seq expectation maximization 

(RSEM) method are available on Firehose Broad GDAC website, from which the 

files of all cohors in the TCGA were downloaded (123). To make the two different 

RNA-Seq data comparable, both were converted to transcripts per million (TPM) 

normalization format as described in the MOLI (116). Then both were log2-

transformed to make all datasets comparable. However, for the expression data to be 

comparable between datasets, the batch effects between them had to be removed. For 

this reason, pairwise homogenization between the datasets was performed with the 

sva R package (124). An important point here is that only common genes were used 

in the homogenization step between the datasets. 

3.2.2. Preprocessing steps with mutation data 

 Somatic mutation data in the GDSC was accessed from the website https://

www.cancerrxgene.org/downloads/bulk_download and the “WES_variants.xlsx” file 

was used in the analysis (8). For the PDX, the excel file in the supplementary table in 

Gao et al.'s manuscript was used (9). The excel file contains all the omics-data, but 

somatic mutation data is in the “pdxe_mut_and_cn2” tab. For the TCGA mutation 
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data, mutation annotation file (MAF) files in Firehose Broad GDAC were 

downloaded (123). After accessing the MAF files of all cohorts, amplifications and 

deletions were removed. Only protein-coding non-synonymous mutations such as 

missense, nonsense, and frameshift variants were retained for analysis. Silent 

mutations were also removed. In the mutation dataset, the genes with non-

synoymous mutations were binarized as 1, while non-mutated genes as 0. All gene 

IDs were mapped to Entrez Gene IDs as in the gene expression dataset. 

The OncoKB database was used to identify tumor suppressor genes and 

oncogenes (125). They were classified according to the list in this database and used 

in the mutation data with their functional impact indicated. In tumor suppressor 

genes, -1 was given for loss of function, whereas for oncogenes, 1 was given for gain 

of function mutations. Driver genes were also taken into account, and mutations near 

driver genes were also scaled according to their distance with the method described 

in the MOLI (116). However, as mentioned in the previous paragraph, the values 

were binarized to be used in the DNN. 

The genes listed in the database as both tumor suppressor genes and oncogenes 

were considered for truncating mutations and given a value of -1 if truncating 

mutations were found. The genes without truncating mutations were directly 

excluded from the analysis. In addition, the oncogenes activated only by 

upregulation or amplification were also excluded from the analysis because somatic 

mutations in these genes can not be realistically assessed for functional impact (116).  

cBioPortal database was also used for one-dimentional and three-dimentional 

hotspot mutation data (126). In addition, hotspot information from both COSMIC 

database and the manuscript of Bailey et al. were used (127, 128). Driver mutations 

could be annotated robustly with information obtained from multiple datasets in this 

way. 

￼34



3.2.3. Preprocessing steps with CNA data 

For the TCGA dataset, the probe intensity values of the samples were 

normalized. For this purpose, normalization was performed by comparing the 

intensities of the most similar normal samples in the HapMap (International 

HapMap3) database (129). Log2-transformation was performed afterwards. The 

obtained log-ratio values were then segmented using the circular binary segmentation 

algorithm as described in the MOLI (116, 130). Thus, the regions with consistent 

log-ratio values were identified. 

The regions likely to be germ-line segments and the regions with a small number 

of probes were removed from the tumor CNA profile since these segments might be 

noisy (116). The remaining segments were matched with gene annotation using the 

GRCh37/hg19 assembly in NCBI (131). The log-ratio values were assigned to the 

regions with overlapping segments. In cases with more than one matching segment, 

the most extreme log-ratio score was given. Segments with no matching segments or 

segments with low |log-ratio| scores were considered as copy-neutral regions (116). 

After this step, the regions with amplification or deletion were assigned a value of 1 

to be used in DNN, while copy-neutral regions were assigned a value of 0. The 

reason for the binary coding is that DNNs can better understand the relationships in 

this way (116). Deletions could have been assigned -1, amplifications 1, others 0. 

However, this coding method was not preferred. 

Unlike TCGA, GDSC and PDX have predicted copy number information at the 

gene level. To make them comparable to the CNAs in the TCGA, the logarithm of 

the copy number of the genes was calculated by dividing the logarithm by the ploidy 

of the copy-neutral state in the sample as described in the manuscript of Sharifi-

Noghabi et al. (116). In these datasets, the copy-neutral state was found by 

estimating the distribution of copy number estimates at the gene level. In doing so, it 

was considered that the mode closest to the median of the copy-neutral state could 

represent copy number estimates. As in the TCGA, those with low |log-ratio| values 
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were considered copy-neutral. The high ones were coded as 1 for amplification and 

-1 for deletion (116). However, since binary representation was used in the DNN, 

regions with amplification or deletion were coded as 1 and copy-neutral as 0 as in the 

TCGA.  

3.3. Finding DEGs 

For each drug within the inhibitor groups, the DEGs were identified from the 

GDSC dataset by comparing sensitive and resistant cell line samples. The limma R 

package was utilized for this analysis, applying criteria of an adjusted p-value < 0,05 

and |log2FC| > 1 (132). The DEGs meeting these criteria were determined 

individually for each drug, and subsequently, the DEGs from all drugs within the 

same inhibitor group were combined into a union set. This ensured that they 

represent all the inhibitor group. These unionized DEGs were then filtered across 

gene expression, mutation, and CNA datasets within the inhibitor group and used as 

features for downstream analyses. 

3.4. Building DNNs with TL Approach for Drug Response Prediction 

Multi-omics data integration was performed using DNNs to predict drug 

response in the PDX and TCGA datasets. Similar to the MOLI framework, auto-

encoders, which are a type of feed-forward network, were independently trained for 

gene expression, mutation, and CNA datasets (116). Each dataset was optimized 

separately, and the outputs were then integrated into the DNN. At this stage, drug 

response data were incorporated to validate the overall predictive performance of the 

model on two independent datasets. These steps are visualized in the workflow in 

Figure 1.  

MI approach utilizing DNNs with TL was applied to predict the responses of 

unique and shared drugs in the PDX and TCGA datasets. Drugs targeting the mitotic, 

cytoskeletal, DNA replication, and EGFR signaling pathway were trained separately 

using the GDSC data to develop the EM, EC, and EMC models. In all models, only 
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features common across datasets were used to ensure consistency between training 

and test datasets. This approach enabled response prediction for each drug in external 

datasets.  

Although the training datasets included response data for the drugs being tested, 

this did not result in data leakage, as no samples from the external datasets were used 

in training. Instead, only the response data of drugs shared between datasets were 

utilized. While this may introduce potential bias favoring the drugs being predicted, 

the same strategy as MOLI was adopted to enable fair performance comparisons.  

To ensure robust response predictions for drugs shared between both the PDX 

and TCGA datasets, four different strategies were implemented. In the first strategy, 

data for all cancer types and response data for all drugs were included in the pan-

drug training datasets. In the second strategy, response data for the tested drugs were 

excluded. The third strategy removed common cancer types from the training dataset 

but retained response data for the tested drug. The fourth strategy excluded both 

response data for the tested drug and the common cancer types. To address class 

imbalance in drug responses, a weighted random sampler was applied during 

training, ensuring the minority-sensitive class was sampled more frequently. The 

PyTorch framework in Python was used for the sampler and all modeling steps (133). 

Model performance was evaluated using the AUCPR metric, which is particularly 

suitable for datasets with significant class imbalance (134).  

Separate auto-encoders were trained for each omic dataset to be integrated into 

the DNN models. Each auto-encoder consisted of a single linear layer, batch 

normalization, a ReLU activation function, and a dropout parameter. Batch 

normalization was employed to accelerate the training process and improve 

performance by normalizing the data to a mean of 0 and a standard deviation of 1. 

The ReLU activation function introduced non-linearity, improving performance and 

enabling the learning of complex patterns. Dropout was applied to prevent 

overfitting. All auto-encoders used the Adagrad optimizer, with weight updates 
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controlled by the weight decay parameter to shrink large weights and enhance the the 

generalizability of the models (116).  

The outputs of the auto-encoders were concatenated, and L2 regularization was 

applied. This step added the squared magnitude of all weights as a penalty term in 

the loss function to prevent overfitting and improve the model’s ability to generalize 

to unseen data. For binary classification, an auto-encoder with a single linear layer, 

dropout parameter, and sigmoid activation function was used in the final layer. 

Binary cross-entropy were used as the loss function, classifying output values above 

0,5 as 1 (sensitive) and those below 0,5 as 0 (resistant) (116).  

The hyperparameters used during model training were optimized through 

random search over 50 iterations. To prevent overfitting and ensure generalizability, 

5-fold cross-validation was applied (134). The hyperparameter ranges were as 

follows: 

Mini-batch size: [8, 16, 32, 64] 

Input layer size: [1024, 512, 256, 128, 64, 32, 16] 

Learning rate: [0,5, 0,1, 0,05, 0,01, 0,001, 0,005, 0,0005, 0,0001, 0,00005, 

0,00001] 

Epoch: [20, 50, 10, 15, 30, 40, 60, 70, 80, 90, 100] 

Dropout rate: [0,3, 0,4, 0,5, 0,6, 0,7, 0,8] 

Weight decay: [0,01, 0,001, 0,1, 0,0001] 

Following initial drug response prediction, model fine-tuning was conducted 

using 5-fold cross-validation over 50 iterations, employing the same hyperparameters 

described above. The pan-drug models initially trained on the GDSC data were 

subsequently adapted to the PDX and TCGA datasets in a drug-specific manner after 

freezing gene expression, mutation and CNA layers. Model performance was 

evaluated across iterations, and the reported AUCPR scores reflect those of the 

highest-performing models obtained during the fine-tuning process. 
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3.5. Explaining Drug Resistance Mechanisms with Pathway Enrichment 

The pathfindR R package was used for enrichment analyses (11). It is a pathway 

enrichment tool that can be used to identify drug resistance mechanisms. It creates a 

protein-protein interaction (PPI) network using an active sub-network approach. 

pathfindR uses various public PPI networks such as Kyoto Encyclopedia of Genes 

and Genomes (KEGG) and Reactome for this purpose (135, 136). Starting from the 

most significant gene, it calculates a significance score for neighboring genes around 

it. If a neighboring gene increases the score, it is included in the sub-network. By 

repeating this procedure iteratively, it keeps genes that are consistently in the active-

subnetwork together in the network. With this approach, genes are not considered as 

acting in isolation; on the contrary, they are regarded to be in activity through 

interactions. pathfindR uses DEGs and p-values to determine which genes in the 

active sub-network are important for biological activity. Log fold-change (logFC) 

values are also optionally available but are important for depth of analysis and 

visualization. By default it uses the greedy approach. It also offers options such as 

simulated annealing and genetic algorithm. However, these can be slower (11).  

In this thesis, the greedy approach was used. The KEGG database was utilized 

for the construction of the PPI network. With 25 iterations, active sub-networks were 

found. Resistance-related genes used in the modeling for inhibitors were entered as 

input with logFC values in the enrichment analyses. pathfindR analyses were 

performed under the first and second strategies. Drug-specific resistance mechanisms 

were examined through comparative analyses. General resistance mechanisms were 

determined by identifying common enriched terms, whereas drug-specific resistance 

mechanisms were identified from unique terms using the first strategy. Since three 

different models were tested, the analyses were compared based on the gene features 

of the best performing models on the TCGA data. The aim was to link these 

clinically relevant findings to underlying resistance mechanisms. 
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3.6. Association of Mutations and CNAs with Drug Resistance Using FET 

Mutations and CNAs associated with drug resistance between sensitive and 

resistant samples were analyzed using FET with the scipy python package (137). 

Mutation and CNA associations with drug resistance for the four drugs common to 

both the PDX and TCGA datasets (paclitaxel, 5-FU, gemcitabine, and cetuximab) 

were assessed using the GDSC. In addition, it was examined whether genes showing 

significant mutation and CNA associations were included in the pathfindR 

enrichment analyses. Due to the small sample size and class imbalance in the PDX 

and TCGA datasets, FET was performed only for the GDSC datasets, with 1000 

bootstrapping iterations. The median odds ratio (OR) and p-value were used for 

evaluation. 

3.7. Assessing Predictive and Prognostic Significance of Genes with TCGA 

The univariate CoxPH regression models were applied using mutation, CNA, 

and resistance information to investigate how genomic features collectively influence 

survival outcomes and drug resistance in the TCGA datasets. Instead of analyzing the 

independent effects of CNAs and mutations on resistance, univariate CoxPH 

regression models with interaction terms were used to identify synergistic or 

antagonistic combined effects. This provided a more comprehensive understanding 

of complex resistance mechanisms. 

Two separate univariate penalized CoxPH regression models with ridge 

regularization were used to estimate hazard ratios (HRs) for resistance-mutation and 

resistance-CNA interaction terms as shown in Equations (1) and (2), respectively. 

Model performances were optimized using 5-fold cross-validation, and 1000 

bootstrapping iterations were performed to compute HRs with 95% confidence 

intervals (CIs) for assessing the strength and reliability of each covariate’s 

association with survival, as well as the concordance index (C-index).  
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￼ 	 	  (1)        

￼ 	  (2) 

In both equations, ￼ denotes the hazard function, representing the 

instantaneous risk of the event at time t; expression is the gene expression level; and 

response indicates drug response status (0 or 1). In Equation (1), cna represents CNA 

status (0 or 1) with the interaction term cna × response capturing whether the effect 

of CNA on survival depends on drug response. In Equation (2), mutation denotes 

mutation status (0 or 1) with the interaction term mutation × response capturing 

whether the effect of mutation on survival depends on drug response. In both models, 

β₁-β₄ are the regression coefficients estimating the effect of each variable on the 

hazard. 

To incorporate ridge regularization into the CoxPH regression models, the 

coefficient estimates were obtained by maximizing the penalized partial log-

likelihood as shown in Equation (3). 

                                                        ￼                                                 	          (3) 

where: 

•  ￼  is the Cox partial log-likelihood,  

• ￼  is the ridge penalty parameter, 

• ￼  is the number of predictors.  

For multiple gene combinations, two separate multivariate CoxPH regression 

models with ridge regularization were constructed, as shown in Equations (4) and 

(5). 

￼   

	 (4) 

h (t ) = h0(t ) ⋅ exp (β1 ⋅ expression + β2 ⋅ cna + β3 ⋅ response + β4 ⋅ (cna × response))
h (t ) = h0(t ) ⋅ exp (β1 ⋅ expression + β2 ⋅ mutation + β3 ⋅ response + β4 ⋅ (mutation × response))

h(t)

Maximize: ℓ(β ) − λ
p

∑
j=1

β2
j

ℓ(β )

λ ≥ 0

p

h (t ) = h0(t ) ⋅ exp (
n

∑
i=1

β1i ⋅ expressioni + ∑ i = 1nβ2i ⋅ cnai + β3 ⋅ response + ∑ i = 1nβ4i ⋅ (cnai × response))
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￼ 	

	    (5) 

The C-indices of genes identified in the pathfindR enrichment analyses were 

compared to the multi C-indices of all genes within their respective pathways 

Additionally, bar graphs were generated to visualize the C-index for evaluating 

model performances. KM plots were also visualized to assess survival differences 

based on CNA, mutation, and resistance status with statistical significance 

determined using the LRT. 

h (t ) = h0(t ) ⋅ exp (
n

∑
i=1

β1i ⋅ expressioni + ∑ i = 1nβ2i ⋅ mutationi + β3 ⋅ response + ∑ i = 1nβ4i ⋅ (mutationi × response))
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4. RESULTS 

The predictive performances of the multi-omics-integrated pan-drug models, 

developed using DNNs with a TL approach for drugs targeting the same pathways in 

the GDSC training datasets, are presented separately for the PDX and TCGA datasets 

in the following sections. Drug response prediction performances for drugs common 

to both datasets are then compared across four different strategies, followed by a 

comparison with MOLI results (116). Drug resistance mechanisms for each drug  are 

identified based on pathfindR enrichment results from the models with demonstrated 

predictive power. Finally, FET results for mutation and CNA statuses are examined. 

4.1. Predictive Performance of Pan-Drug Multi-Omics Models 

For drugs with response data available either in the PDX or TCGA datasets, 

response predictions were performed separately for each dataset since there are some 

drugs having response data in one dataset but not in other dataset. Additionally, 

predictions for drugs common to both datasets were made using the four robust 

strategies described as in method section. By comparing the performance of the 

response predictions in the MOLI with the pan-drug models trained in this thesis, it 

was demonstrated that the constructed pan-drug models outperformed the MOLI 

predictions, achieving stronger predictive performance across all the six drugs (116). 

4.1.1. Performance of pan-drug models tested individually in  PDX or TCGA 

Drug response predictions were performed for paclitaxel, erlotinib, cetuximab, 

gemcitabine, and 5-FU in the PDX dataset. In the TCGA dataset, drug response 

predictions were performed for cetuximab, paclitaxel, cisplatin, doxorubicin, 5-FU, 

gemcitabine, temozolomide, paclitaxel, and docetaxel. 
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4.1.1.1. Performance of pan-drug models tested with PDX dataset 

The following subheadings present detailed results of the predictions for 

paclitaxel, erlotinib, cetuximab, 5-FU, and gemcitabine in that order. 

4.1.1.1.1.  Predictive performance of pan-drug models for paclitaxel response 

prediction 

Predictive performance of paclitaxel was evaluated using both mitotic and 

cytoskeletal inhibitor classes with multi-omics pan-drug models. All samples from 

the PDX and TCGA datasets, as well as the BRCA cohort, which constitutes the 

majority of the samples, were used for prediction separately. Therefore, a total of six 

different models were trained to build the EM, EC, and EMC models. 

First, mitotic inhibitors were trained for response prediction of paclitaxel using 

the EM, EC, and EMC configurations. All models were trained with 6360 samples. 

However, the feature sizes differed due to variations in common features across 

datasets during integration. The performances of the models in the GDSC training 

dataset are visualized in Figure 6. The EC model yielded the strongest predictive 

performance across all 43 samples with AUCPR = 0,33 and AUCPR = 0,56 after 

fine-tuning. When the models were tested on the BRCA cohort, consisting of 24 

samples, the EMC model showed the strongest performance with AUCPR = 0,42 and 

AUCPR = 0,61 after fine-tuning, significantly outperforming random prediction, 

which had AUCPR = 0,21 (Figure 6). 

Predictions made with cytoskeletal inhibitors showed slightly different 

performance compared to that of mitotic inhibitors when all samples were 

considered. In the GDSC training dataset, the strongest model was with the EC. 

However, when all samples were used, the EMC model achieved the superior 

predictive performance with AUCPR = 0,42 with cytoskeletal inhibitors. The best 

model was still the EMC after fine-tuning though the AUCPR did not change. 

However, for predictions made with the BRCA cohort, the best performance was 
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achieved with the EMC model, similar to the mitotic inhibitors with AUCPR = 0,69 

and AUCPR = 0,72 after fine-tuning (Figure 7). 

4.1.1.1.2. Predictive performance of pan-drug models for erlotinib and 

cetuximab response prediction 

Erlotinib and cetuximab are EGFR signaling inhibitors; thereby, the performance 

of the models is presented together for both drugs. Although a single training model 

could have been used for predicting the response for both drugs, separate training 

datasets were created for each. The purpose of this was to compare whether 

predictions made with two different models would yield similar results. Similar 
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Figure 7. AUCPR predictions with cytoskeletal inhibitors for paclitaxel response 
prediction using the PDX dataset

Figure 6. AUCPR predictions with mitotic inhibitors for paclitaxel response 
prediction using the PDX dataset



prediction outcomes were obtained; however, the results presented here are those 

from the models with the best response performance. 

In the training dataset, the strongest prediction for erlotinib was achieved with 

the EM model, yielding an AUCPR = 0,50. However, in the PDX dataset, the EC 

model demonstrated the best performance with AUCPR = 0,48 and the EM model 

demonstrated the best performance with AUCPR = 0,81 after fine-tuning. Since only 

the NSCLC cohort samples were present in the PDX dataset, strongest models 

yielded same AUCPR scores (Figure 8). 

For the training models built for cetuximab, the EMC model exhibited the best 

performance. On the other hand, in predictions made with all 60 samples in the PDX 

dataset, the EC model was the strongest. The presence of only five sensitive samples 

highlighted a significant class imbalance. Similarly, for the CRC cohort with 36 

samples, the EMC model achieved the strongest prediction with AUCPR = 0,33 and 

the EC model achieved the strongest prediction with AUCPR = 0,40 after fine-

tuning.ı (Figure 9). For the NSCLC cohort with 24 samples but only one sensitive 

sample, the EC model performed best. Nevertheless, due to the presence of only one 

sensitive sample and the high class imbalance, making a definitive evaluation of the 

prediction performance is unrealistic. 
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Figure 8. AUCPR predictions with EGFR signaling inhibitors for erlotinib response 
prediction using the PDX dataset



4.1.1.1.3.  Predictive performance of pan-drug models for 5-FU and gemcitabine 

response prediction 

5-FU and gemcitabine are inhibitors of DNA replication and were therefore 

tested using DNA replication models. The EM, EC, and EMC models were trained 

for both drugs, following the same approach used for EGFR signaling inhibitors. 

For 5-FU, the EMC model demonstrated the strongest performance in the 

training dataset. In the PDX dataset, which consisted solely of the CRC cohort, the 

EM model achieved the best performance with AUCPR = 1,00 (Figure 10). Figure 10 

shows the same prediction in the CRC cohort, which has the same number of 

samples in all 5-FU samples in the PDX. However, given that there was only one 

sensitive sample, a realistic evaluation of the prediction is challenging. 

Similarly, the EMC model showed the strongest performance in the training 

dataset for gemcitabine. In the PDX test dataset, which included 25 samples from the 

PDAC cohort, the EMC model achieved the best prediction with AUCPR = 0,47 and 

with AUCPR = 0,67 after fine-tuning, compared to a random prediction of AUCPR = 

0,28. Since only PDAC samples were in the PDX samples, same predictions were 

obtained (Figure 11). 
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Figure 9. AUCPR predictions with EGFR signaling inhibitors for cetuximab response 
prediction using the PDX dataset



4.1.1.2. Performance of pan-drug models tested with TCGA dataset 

The TCGA dataset contains sufficient data to perform drug response predictions 

for paclitaxel, docetaxel, cetuximab, cisplatin, doxorubicin, gemcitabine, 5-FU, and 

temozolomide. Predictions were carried out for each of these drugs. 

4.1.1.2.1. Predictive performance of pan-drug models for paclitaxel and 

docetaxel response prediction 

For paclitaxel and docetaxel, both mitotic and cytoskeletal models were used for 

response prediction, resulting in a total of six models. 
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Figure 10. AUCPR predictions with DNA replication inhibitors for 5-FU response 
prediction using the PDX dataset

Figure 11. AUCPR predictions with DNA replication inhibitors for gemcitabine 
response prediction using the PDX dataset



For paclitaxel, the most effective model in the training dataset was the EMC 

model. In the PDX dataset, which consisted of 35 samples, the EMC model again 

yielded the strongest prediction with AUCPR = 0,88. However, fine-tuning did not 

improve AUCPR score. The random prediction was AUCPR = 0,71. In the BRCA 

cohort, the EMC model was again the most powerful model. It achieved AUCPR = 

0,96 closely followed by the EC model with AUCPR = 0,94. Fine-tuning yielded the 

same AUCPR score. Random prediction for this cohort resulted AUCPR = 0,81. 

Both models performed exceptionally well (Figure 12). 

For cytoskeletal models, the EMC model demonstrated the strongest prediction 

in the training dataset with AUCPR = 0,31. In the TCGA dataset, the EC model 

outperformed others for all samples with AUCPR = 0,78 and AUCPR = 0,87 after 

fine-tuning. The EMC and EM models also exhibited AUCPR scores greater than 

0,70, which indicated all three models showed almost same performance. In the 

BRCA cohort, the EC model again showed the highest performance with AUCPR = 

0,95 and AUCPR = 0,96 after fine-tuning (Figure 13). However, unlike the mitotic 

inhibitor models where all models outperformed random predictions, only the EC 

model achieved strong predictions in this case. 

When mitotic models were applied to docetaxel, the EMC model showed the 

strongest performance in the training dataset. In the TCGA dataset, consisting of 16 
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Figure 12. AUCPR predictions with mitotic inhibitors for paclitaxel response 
prediction using the TCGA dataset



samples, the EMC remained the strongest model with AUCPR = 0,78 and the EC 

was the strongest model with AUCPR = 0,85 after fine-tuning. Notably, docetaxel 

was the only drug with balanced classes, as the dataset included eight sensitive and 

eight resistant samples. All models performed better than random prediction in this 

dataset. In the BRCA cohort, consisting of six sensitive and two resistant samples, 

the EMC model yielded AUCPR = 0,90 while the EC model yielded AUCPR = 0,98 

after fine-tuning (Figure 14). 

In predictions using cytoskeletal models, the EM and EC models achieved the 

strongest performance in the GDSC training dataset with AUCPR = 0,30. In the 

TCGA dataset, the EMC model did not outperform random predictions; however, the 
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Figure 13. AUCPR predictions with cytoskeletal inhibitors for paclitaxel response 
prediction using the TCGA dataset

Figure 14. AUCPR predictions with mitotic inhibitors for docetaxel response 
prediction using the TCGA dataset



EC model demonstrated the strongest performance with AUCPR = 0,64 and  AUCPR 

= 0,70 after fine-tuning. The EM model also predicted response with AUCPR = 0,57, 

which was higher than random AUCPR. In the BRCA cohort, the EM model 

emerged as the strongest, achieving AUCPR = 0,96, but fine-tuning did not improve 

AUCPR score furtherSimilarly, the EMC model achieved an AUCPR of 0,93, which 

improved to 1,00 after fine-tuning (Figure 15). 

4.1.1.2.2.  Predictive performance of pan-drug models for cetuximab response 

prediction 

Cetuximab was the only drug targeting the EGFR signaling pathway in the 

TCGA. Therefore, response predictions were exclusively made for this drug. The 

strongest model in the training dataset was the EMC model with AUCPR = 0,43. In 

the TCGA dataset, response predictions were performed for the nine samples. EMC 

model was the strongest with AUCPR = 0,72 and AUCPR = 0,95 after fine-tuning. 

The EC model had the same AUCPR score, but fine-tuning improved AUCPR to 

0,93. All the nine samples belong to the HNSC cohort. Six of the samples were 

sensitive and three of the samples were resistant, indicating random prediction with 

AUCPR = 0,67 (Figure 16). 
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Figure 15. AUCPR predictions with cytoskeletal inhibitors for docetaxel response 
prediction using the TCGA dataset



4.1.1.2.3.  Predictive performance of pan-drug models for cisplatin, doxorubicin, 

5-FU, gemcitabine, and temozolomide response prediction 

All the five drugs belong to DNA replication inhibitors. Separate models were 

trained for each drug, and the metrics for the best performing models were reported. 

The training dataset for DNA replication inhibitors included 9435 samples. 

In the training dataset with cisplatin, the strongest performance was observed 

with the EMC model with AUCPR = 0,36. In the test dataset consisting of 64 TCGA 

samples, both the EC and EMC models demonstrated strong performance, each 

achieving AUCPR = 0,96. In contrast, the EM model did not outperform random 

prediction, which had  AUCPR = 0,87. Fine-tuning improved AUC scores of  each 

model, but the highest score was achieved with the EC model with AUCPR = 0,98. 

Within the HNSC cohort, which included 37 samples, the EC model was the 

strongest, with AUCPR = 0,94 closely followed by the EMC model. Fine-tuning 

improved prediction for the EC model and yielded AUCPR = 0,97. For the EMC 

model, prediction also improved with AUCPR = 0,95. However, the EM model once 

again performed poorly compared to random prediction even after fine-tuning with 

AUCPR = 0,84 (Figure 17). 
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Figure 16. AUCPR predictions with EGFR signaling inhibitors for cetuximab 
response prediction using the TCGA dataset



In the training dataset with doxorubicin, the best performance was achieved by 

the EM model with AUCPR = 0,31. However, in the TCGA dataset, the EMC model 

performed significantly better than all others, achieving AUCPR = 0,67, where 

random AUCPR = 0,22. Fine-tuning further improved prediction and yielded 

AUCPR = 1,00. Similarly, the model surpassed random prediction with AUCPR = 

0,41 and AUCPR = 0,67 after fine-tuning. In the SARC cohort, all pan-drug models 

surpassed random predictions even before fine-tuning. The EMC model achieved the 

highest predictive performance with AUCPR = 0,67 and AUCPR = 1,00 after fine-

tuning, The SARC cohort consisted of 15 samples, two of which were sensitive, 

resulting in a random AUCPR = 0,13. Thus, the performance  of the EMC model was 

notably strong (Figure 18). 
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Figure 17. AUCPR predictions with DNA replication inhibitors for cisplatin response 
prediction using the TCGA dataset

Figure 18. AUCPR predictions with DNA replication inhibitors for doxorubicin 
response prediction using the TCGA dataset



The strongest model in the training dataset for 5-FU prediction was the EMC 

model with AUCPR = 0,33. Similarly, in the TCGA dataset, the EMC model 

achieved the highest performance with AUCPR = 0,81 and AUCPR = 0,84 after fine-

tuning. There were 33 samples, nine of which were resistant. Thus, random AUCPR 

was 0,73. In the STAD cohort, which included 18 samples, the prediction was 

exceptional, with AUCPR = 0,93 compared to a random prediction of AUCPR = 

0,72. Fine-tuning further improved prediction and yielded AUCPR = 0,96. Moreover, 

in the PAAD cohort, consisting of only six samples with two sensitive samples, the 

EM model demonstrated the strongest prediction, achieving AUCPR = 0,67 and 

AUCPR = 0,75 after fine-tuning (Figure 19). 

For gemcitabine, the EMC model was also the strongest in the training dataset  

with AUCPR = 0,36. However, in the TCGA dataset, although the predictive 

performances were close, the EM model achieved the highest performance with 

AUCPR = 0,43 and AUCPR = 0,47 after fine-tuning. All the three models had higher 

AUCPR scores than random prediction (AUCPR = 0,36). Out of 55 samples, 48 

belonged to the PAAD cohort. For predictions specifically within the PAAD cohort, 

the strongest model was the EC model with AUCPR = 0,63, outperforming the 

random prediction with AUCPR = 0,42. Fine-tuning improved prediction further 

with AUCPR = 0,69. In addition, the performances of all models exceeded that of 

random predictions even before fine-tuning (Figure 20). 
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Figure 19. AUCPR predictions with DNA replication inhibitors for 5-FU response 
prediction using the TCGA dataset



The final drug among the DNA replication inhibitors for drug response 

prediction was temozolomide. In the training dataset, all models achieved nearly 

identical performance around AUCPR = 0,35. In the TCGA dataset, which included 

90 samples (11 sensitive and 79 resistant), the EC model achieved the highest 

predictive performance with AUCPR = 0,22 and AUCPR = 0,25 after fine-tuning. 

The random AUCPR was 0,12. All models demonstrated stronger prediction 

performance compared to random prediction even before fine-tuning. All TCGA 

samples belonged to the lower grade glioma (LGG) cohort. Thus, the same AUCPR 

was achieved with the models (Figure 21). 
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Figure 20. AUCPR predictions with DNA replication inhibitors for gemcitabine 
response prediction using the TCGA dataset

Figure 21. AUCPR predictions with DNA replication inhibitors for temozolomide 
response prediction using the TCGA dataset



4.1.2. Comparison of predictive power of pan-drug models with MOLI 

The predictive performance of multi-omics pan-drug models was evaluated 

against the MOLI prediction models using the PDX and TCGA datasets as test data. 

The pan-drug models consistently outperformed the MOLI and other methods in 

predicting the response to erlotinib, cetuximab, docetaxel, paclitaxel, and cisplatin. 

Significant improvements in AUCPR were particularly evident for erlotinib, 

cetuximab, docetaxel, and paclitaxel (Table 1). 

For cisplatin, although the MOLI models demonstrated strong performance in 

the TCGA with high AUCPR scores, the EC model achieved even better prediction 

(AUCPR = 0,98). While the response prediction for gemcitabine in the both PDX 

and TCGA datasets was comparable to the MOLI, the pan-drug models still yielded 

superior AUCPR scores compared to all other methods (122). The most remarkable 
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Table 1. Comparison of predictive performances with the MOLI results, including 
Elastic Net, Early Integration with NMF, Early Integration with DNNs, MOLI 
complete, MOLI pan-drug, and random classifier 



improvements were observed for erlotinib and cetuximab. For erlotinib, the EM, EC, 

and EMC models achieved substantially higher AUCPR scores while for cetuximab, 

the EC model demonstrated the strongest performance (Table 1). 

4.1.3. Predictive performance of pan-drug models in the PDX and TCGA 

Drug response predictions for paclitaxel, 5-FU, gemcitabine, and cetuximab, 

which are shared between both datasets, were conducted robustly by following the 

four strategies outlined in the methods section. 

4.1.3.1. Predictive performance of pan-drug models for paclitaxel response 

prediction across the four different strategies 

Drug response predictions for paclitaxel was performed using mitotic and 

cytoskeletal inhibitors separately. Response predictions for both were described in 

separate paragraphs. However, the drug response prediction performances with 

mitotic inhibitors were evaluated first. 

In the prediction of paclitaxel response using all 35 samples from the TCGA 

dataset and 27 samples from the BRCA cohort, AUCPR scores consistently 

outperformed random prediction across all the four strategies with the EM, EC, and 

EMC models. However, the PDX dataset did not follow the same trend. While 

AUCPR scores consistently exceeded random predictions under the first strategy and 

second strategy, some models fell below random predictions under the third and 

fourth strategies. The models that most effectively predicted paclitaxel response 

using all TCGA samples achieved AUCPR values ranging from 0,86 to 0,92 

compared to a random AUCPR = 0,71 although the strongest models varied across 

strategies. Similarly, in the TCGA BRCA cohort, the strongest models varied across 

strategies, with AUCPR values ranging from 0,96 to 0,99 compared to random 

AUCPR = 0,81. In the TCGA dataset, response predictions demonstrated a more 

stable range while slightly greater variation was observed in the PDX dataset. For all 

43 PDX samples, the strongest models varied across strategies, achieving AUCPR 
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values between 0,27 and 0,46 compared to a random AUCPR = 0,12. In the PDX 

BRCA cohort, consisting of 24 samples, even greater variation was observed, with 

AUCPR values ranging from 0,54 to 0,74 compared to a random AUCPR = 0,21  

(Table 2). 

Unlike the trend observed with mitotic models, paclitaxel response predictions 

using cytoskeletal models fell sometimes below random predictions in the both PDX 

and TCGA datasets across all strategies. However, for each strategy, there were 

models that outperformed the random AUCPR. The AUCPR predictions across 

strategies using all TCGA samples showed slight variation, ranging from 0,82 to 

0,87. In the TCGA BRCA cohort, AUCPR scores changed between 0,88 and 0,94 

across strategies. Similarly, in the PDX dataset, the variation across all samples was 

evident in AUCPR scores ranging from 0,23 to 0,41, whereas the PDX BRCA cohort 
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Table 2. Predictive performance of paclitaxel with mitotic inhibitors across the four 
different strategies. The bolded values indicate the highest prediction results in the 
PDX and TCGA datasets



exhibited greater variation, with AUCPR scores ranging from 0,36 to 0,61 (Table 3). 

      An important observation emerged in the response predictions. Between the first 

and second strategies, both the PDX and TCGA demonstrated nearly identical 

performance with mitotic and cytoskeletal models across all samples. However, a 

decline in AUCPR was observed in the PDX BRCA cohort with mitotic inhibitors 

and in the TCGA BRCA cohort with cytoskeletal inhibitors. While the decrease in 

the TCGA was modest, the decline in the PDX was considerably more profound. 

4.1.3.2. Predictive performance of pan-drug models for 5-FU response 

prediction across the four different strategies 

For 5-FU, differences were present in the cohorts of samples between the PDX 

and TCGA datasets. In the PDX dataset, all 23 samples were from the CRC cohort, 
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Table 3. Predictive performance of paclitaxel with cytoskeletal inhibitors across the 
four different strategies. The bolded values indicate the highest prediction results in 
the PDX and TCGA datasets



with only one sample classified as sensitive. In the TCGA dataset, while samples 

were derived from various cohorts, response predictions were performed specifically 

for the STAD cohort of 18 samples and the PAAD cohort of six samples. 

Additionally, the READ cohort comprised seven samples; however, since all of them 

were sensitive, response prediction was not conducted for this cohort (Figure 4G). 

All AUCPR values across the four strategies in the PDX dataset were higher 

than the random AUCPR. However, the AUCPR values remained low due to the 

presence of only one sensitive sample. In the TCGA dataset, while all models for all 

samples exceeded the random AUCPR values across the strategies, certain models 

fell below random predictions in the PAAD cohort under second strategy and in the 

STAD cohort under fourth strategy. Despite this, each strategy consistently included 

at least one strong-performing model  (Table 4). 

Across the four strategies, the AUCPR for predictions with PDX samples 

ranged from 0,08 to 0,17, while the random AUCPR was 0,04. In contrast, 

predictions with TCGA samples showed an AUCPR range from 0,82 to 0,93. The 

random AUCPR was 0,73. The highest AUCPR = 0,93 was achieved under the third 

strategy. Similarly, the AUCPR ranged from 0,82 to 0,95 in the STAD cohort and the 

third strategy yielded the highest AUCPR = 0,95. In both cases, these predictions 

were made with the EM model. Finally, in the TCGA PAAD cohort, the AUCPR 

ranged from 0,75 to 1,00, which showed significant variation due to the small sample 

size. The EM model again achieved an excellent AUCPR in this cohort (Table 4). 

4.1.3.3.  Predictive performance of pan-drug models for gemcitabine response 

prediction across the four different strategies 

For gemcitabine response prediction, the PDX dataset included only 28 samples, 

all from the PDAC cohort (Figure 4). On the other hand, the TCGA dataset 

comprised samples from various cohorts, with 48 of the 55 samples belonging to the 

PAAD cohort (Figure 4). Only under the third strategy with the TCGA some models 
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performed below the random AUCPR. Similarly, some models fell below random 

AUCPR in both the first and third strategies in the PDX dataset. (Table 5). 

AUCPR values for all TCGA samples ranged from 0,45 to 0,50, with a random 

AUCPR = 0,36. Variations were observed in the strongest performing models across 

strategies. In the TCGA PAAD cohort, the AUCPR ranged from 0,52 to 0,65, where 

the random AUCPR was 0,42. Notably, the EC model demonstrated the highest 

performance across all strategies with the exception of the third strategy in the PAAD 
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Table 4. Predictive performance of 5-FU with DNA replication inhibitors across the 
four different strategies. The bolded values indicate the highest prediction results in 
the PDX and TCGA datasets



cohort. In the PDX dataset, the AUCPR ranged from 0,40 to 0,58 with a random 

AUCPR = 0,28. The EC model was the strongest under the first and second 

strategies, while the EM model emerged as the strongest under the third 

strateNevertheless, all the three models showed the same predictive power with 

AUCPR = 0,40 under the fourth strategy (Table 5). 

When the first and second strategies were compared, the AUCPR values of the 

strongest models were similar. This indicated that gemcitabine response could be 

robustly predicted even without response data included in the training dataset. 

Furthermore, the AUCPR value of the best performing model for predicting PDX 

samples remained almost stable under the third strategy. Similarly, there was slight 

decrease in AUCPR score under the third strategy for all TCGA samples. These 

results highlighted robust prediction in both the PDX PDAC cohort and all TCGA 
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Table 5. Predictive performance of gemcitabine with DNA replication inhibitors 
across the four different strategies. The bolded values indicate the highest prediction 
results in the PDX and TCGA datasets



samples regardless of the inclusion of common cancer types. However, a decrease in 

AUCPR was observed in the TCGA PAAD cohort. This suggested that the removal 

of the common cancer type from the training dataset resulted in the loss of some 

cohort-specific features. The fourth strategy, however, showed an opposite trend. The 

AUCPR of the best performing model for the PDX PDAC cohort decreased, whereas 

the TCGA PAAD cohort achieved the highest AUCPR with the best model. For all 

TCGA samples, there was little variation under the fourth strategy. This suggested 

that removing common cancer types and gemcitabine response data from the training 

dataset, which could introduce bias and noise, improved predictive performance 

specifically in the TCGA PAAD cohort (Table 5). 

4.1.3.4. Predictive performance of pan-drug models for cetuximab response 

prediction across the four different strategies 

Different cohorts were utilized in PDX and TCGA for predicting cetuximab 

response. The PDX dataset included samples from the CRC and NSCLC cohorts 

(Figure 5). On the other hand, the TCGA dataset consisted exclusively of samples 

from the HNSC cohort (Figure 5). 

In both PDX and TCGA samples, AUCPR values were generally higher than the 

random AUCPR scores across all strategies (Table 6). In the TCGA HNSC cohort 

samples, AUCPR values ranged from 0,86 to 1,00, whereas the random AUCPR was 

0,67. The small sample size of only nine samples likely contributed to the observed 

variation. The first and third strategies yielded the highest prediction with the EM 

model with AUCPR = 1,00. Similarly, the AUCPR showed variations between 0,19 

and 0,44 for all PDX samples, and the strongest models varied across strategies. The 

random AUCPR in this case was 0,08. The EC model outperformed other models 

across all strategies except the first strategy in the PDX CRC cohort. The AUCPR 

values ranged from 0,28 to 0,42, while random AUCPR was 0,11. Lastly, AUCPR 

values ranged between 0,50 and 1,00 in the PDX NSCLC cohort. However, this can 

not be considered a reliable evaluation due to the presence of only one sensitive 
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sample. The random AUCPR was 0,04, while high AUCPR values across strategies 

were achieved with different models (Table 6). 

In cetuximab response prediction across four different strategies, no significant 

decrease in predictive performance was observed for the TCGA HNSC samples 

compared to the first strategy. However, the PDX NSCLC and CRC cohorts showed 

variable performance across strategies (Table 6). The highest prediction was with the 

EMC model for the PDX CRC cohort samples under the first strategy with AUCPR = 

0,42. However, a notable decrease in AUCPR was observed under the second and 

third strategies for the PDX CRC cohort. The fourth strategy demonstrated slight 

decrease in AUCPR compared to the first strategy with AUCPR = 0,37. This slight 

decrease was likely due to the removal of bias and noise resulting from both 

cetuximab response data and common cancer types in the training dataset. 

4.2. Drug Resistance Mechanisms with Pathway Enrichment Analysis 

For drugs shared between PDX and TCGA, enrichment analyses were conducted 

using a pathway-level, gene expression-based active subnetwork approach with 

pathfindR tool (11). The genes from the most powerful models in TCGA predictions 

across strategies were used as inputs for the enrichment analyses since TCGA 

captures the most clinically relevant features. 

4.2.1. Resistance mechanisms of paclitaxel 

Pathway enrichment analysis under the first strategy identified 79 common 

enriched terms between enrichment results obtained with the gene features of the 

best performing mitotic and cytoskeletal models. Spearman rank correlation test 

revealed a strong correlation in the ranking of the enriched terms (ρ = 0,93, p-value = 

6,92 × 10-33). “Focal adhesion”, “ECM-receptor interaction”, and “p53 signaling 

pathway” were the top three shared enriched terms (Table 7 in Appendix 1). 
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In addition to the three top shared enriched terms, many cancer related signaling 

pathways as well as terms related to cell-cell interaction, cellular adhesion, cancer, 

metabolism, cytoskeleton, immune response, and TME were enriched. All these 

enriched terms obtained with the enrichment analyses of mitotic and cytoskeletal 

inhibitor models are given in Tables 8 and 10 in Appendix 2. The enrichment results 

of the models with high performance in the TCGA under the second strategy are also 

provided in Tables 9 and 11 in Appendix 2. 
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Table 6. Predictive performance of cetuximab with EGFR signaling inhibitors across 
the four different strategies. The bolded values indicate the highest prediction results 
in the PDX and TCGA datasets



The top 25 of the enriched terms were specifically selected to plot fold 

enrichment graphs. Figure 22 and Figure 23 present the fold enrichment results for 

these terms for mitotic and cytoskeletal inhibitor models used under the first strategy, 

respectively. A comparison of the two figures reveals that the enriched terms are 

indeed shared and ranked similarly. 

Term-gene heatmap plots displaying upregulated and downregulated genes 

within the top 25 enriched terms are presented in Figure 24 and Figure 25, 

respectively. These graphs provide insights into active and suppressed pathways. 

They also highlight genes that contribute to multiple pathways. For instance, 

TCF7L2 was upregulated in seven of the top 25 enriched terms. 

Term-gene plots for the top 25 terms were generated based on the enrichment 

analyses using features from the models of the two inhibitor groups (Figures 26-27). 

These plots illustrate the interactions between the enriched terms and their associated 

genes. Notably, only a few genes were upregulated in these plots, including FYN, 
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Figure 22. Fold enrichment plot showing the top 25 KEGG pathways for paclitaxel 
based on the gene features of the best performing mitotic inhibitor model



LDHB, TCF7L2, CXCR4, and CYFIP2. In addition, these genes had multiple 

connections to other pathways since they were involved in multiple enriched terms. 

When evaluating paclitaxel resistance through signaling pathways, it becomes 

evident that most pathways were suppressed while compensatory signaling pathways 

were activated. PI3K/Akt, MAPK, NF-κΒ, JAK/STAT, Ras, and FoxO signaling 

pathways, which are most commonly associated with cancer related survival 

pathways, were all suppressed (138). However, alternative survival pathways such as 

Wnt and Hippo were active only with TCF7L2 upregulation (Figures 24-25, Tables 

8-11 in Appendix 2). Dysregulation of the Wnt and Hippo signaling pathways is 

closely linked to drug resistance in cancer (139). Moreover, “Focal adhesion”, the 

most significant term and highly associated with resistance in cancer with 

cytoskeletal reorganization, ECM remodeling, EMT, cell migration and metastasis, 

was only active with FYN upregulation (140). “Adherens junction”, which was 

active only by upregulation of FYN and TCF7L2, was also significantly enriched 

(Figures 24-25). This term is regarded as critical in drug resistance in cancer due to 

its role in cytoskeletal reorganization, EMT, Wnt/β-catenin signaling pathway, 

microenvironment, tumor heterogeneity, stem-like properties, and cancer cell 

survival (141). 
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Figure 23. Fold enrichment plot showing the top 25 KEGG pathways for paclitaxel 
based on the gene features of the best performing cytoskeletal inhibitor model



There were various cancer-related terms such as endometrial, colorectal and 

breast cancer, in which TCF7L2 was exclusively upregulated (Figures 24-25, Tables 

8-11 in Appendix 2). It is a key TF in the Wnt/β-catenin pathway. In addition to 

activating the Wnt/β-catenin pathway, it might contribute to drug resistance through 

activities such as cancer stem cell maintenance, metabolic adaptation, and cross-talk 

with other pathways (138). 

“Regulation of actin cytoskeleton”, which is related to the cytoskeleton that 

paclitaxel specifically targets by binding to microtubules, was active only with 

CYFIP2 and CXCR4 upregulation (Figures 24-25) (142). CYFIP2 is associated with 

actin remodeling, while CXCR4 is associated with cell migration, metastasis, cancer 

cell survival, and drug resistance in cancer (143, 144). CXCR4, along with FYN, was 

also upregulated in the “Axon guidance” (Tables 8-11 in Appendix 2). The relevance 

of this term to drug resistance in cancer is critical. It has been shown to contribute to 

the development of drug resistance through cytoskeletal remodeling, anti-apoptotic 

signaling, TME interactions, cancer stemness and plasticity, and drug efflux (145, 

146). Furthermore, CXCR4 alone was upregulated in the “Calcium signaling 

pathway”, which has been found to contribute to drug resistance in cancer through 
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Figure 24. Fold enrichment plot showing the top 25 KEGG pathways for paclitaxel 
based on the gene features of the best performing mitotic inhibitor model



evasion of apoptosis, enhanced cellular repair, drug efflux, EMT, and modulation of 

the TME  (Tables 8-11 in Appendix 2) (147). 

“Transcriptional misregulation in cancer” was inactive, which suggests that 

resistance mechanisms of paclitaxel develop from mechanisms other than 

transcriptional dysregulation. Furthermore, “Tight junction”, associated with 

epithelial integrity, cancer cell survival, and drug efflux, and “Gap junction”, 

associated with apoptosis, pro-survival microenvironment, and tumor cell 

heterogeneity, were inactive (Figures 24-25, Tables 8-11 in Appendix 2) (148, 149). 

TJP1 was downregulated in both. It was also downregulated in the “Adherens 

junction” (Figures 24-25, Tables 8-11 in Appendix 2). Down-regulation of TJP1 has 

been found in the literature to correlate with EMT-like features. Its downregulation is 

also associated with resistance in cancer due to its link to reduced barrier function, 

altered polarity signaling, and drug efflux (150). 

“Phagosome” was another inactive term (Tables 8-11 in Appendix 2). Down-

regulation of the phagosome has critical roles in drug resistance as it increases 
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Figure 25. Term-gene heatmap plot for paclitaxel based on the gene features of the 
best performing cytoskeletal inhibitor model



immune evasion and survival, metabolic flexibility, drug inactivation, inhibition of 

drug delivery, and efflux pumps (151). 

 

“Chemical carcinogenesis - receptor activation” was inactive, in which EGFR, 

ADRB2, KLF5, and KLF4 were all downregulated (Tables 8-11 in Appendix 2). The 

downregulation of this term has been reported to contribute to drug resistance in 

cancer through reduced detoxification, altered drug metabolism, increased activity of 

efflux pumps, metabolic reprogramming, immune evasion, and enhanced survival 

(152). 

“MicroRNAs in cancer” was only active with the upregulation of EZH2, in 

which EGFR, CYP24A1, PLAU, and THBS1 were downregulated (Tables 8 and 10 

in Appendix 2). EZH2 is a histone methyltransferase enzyme that might increase 

cancer cell survival by silencing tumor suppressor genes and contribute to drug 

resistance by increasing gene expression of oncogenes. It also promotes EMT, evade 

chemotherapy, survive DNA damage, modulate TME, and evade immune response. 
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Figure 26. Term-gene graph illustrating the interactions between enriched KEGG 
terms and their associated genes for paclitaxel based on enrichment results from the 
best performing mitotic inhibitor model



It is recognized to play a critical role in the development of drug resistance in cancer 

(153). 

 

In addition to general resistance mechanisms, comparison of the first and second 

strategy pathway enrichment results showed that paclitaxel-specific resistance 

mechanisms and adaptations might exist. For this purpose, the focus was specifically 

placed on terms unique to the first strategy or terms containing unique genes 

identified under the first strategy. “Pyruvate metabolism” was a term that was unique 

in this way (Tables 8-11 in Appendix 2). In the term, only LDHB was upregulated 

while ME was downregulated, meaning the activity was LDHB-mediated (Figures 

24-25). LDHB converts lactate to pyruvate for sustaining oxidative phosphorylation. 

In this way, cancer cells might adapt changing oxygen levels and nutrient-deprived 

environments. With this metabolic programming they can evade apoptosis. LDHB 

also plays a crucial role in the development of drug resistance by preventing the 

accumulation of ROS and modifying the TME (154). 
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terms and their associated genes for paclitaxel based on enrichment results from the 
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Focusing only on genes that were unique under the first strategy revealed 

LDHB, FYN, FLNB, ODC1, CYP24A1, and MMP7 were the unique DEGs for 

paclitaxel in a total of 21 mitotic and cytoskeletal inhibitors. However, MYL9, 

EDN1, and ARHGAP29 were unique DEGs for paclitaxel among the 11 cytoskeletal 

inhibitors, but not in the mitotic inhibitors. Changes in the terms to which these 

genes belong may be potential paclitaxel-specific adaptations or resistance 

mechanisms. Thus, the enriched terms associated with each of these genes were 

examined in detail in the following paragraphs. 

In addition to the “Pyruvate metabolism”, LDHB was the only upregulated gene 

in the “HIF-1 signaling pathway” and “Central carbon metabolism in cancer” (Tables 

8-11 in Appendix 2). The HIF-1 signaling pathway plays a role in adaptation to 

hypoxic conditions in the TME through metabolic reprogramming, promote 

angiogenesis, increase heterogeneity, develop resistance to ROS-generating 

therapies, interact with drug efflux mechanisms, and evade immune system (155). In 

this term, EDN1 was downregulated, which seems cytoskeleton-specific adaptation 

against paclitaxel (Tables 9 and 11 in Appendix 2). On the other hand, “Central 

carbon metabolism in cancer” is linked to the development of resistance through 

mechanisms such as evading apoptosis, altering the TME via lactate accumulation, 

suppressing immune cell activity, promoting angiogenesis, supporting drug 

detoxification, and enhancing metabolic flexibility (156). The presence and 

upregulation of LDHB in the HIF-1 signaling pathway, central carbon metabolism, 

and pyruvate metabolism collectively suggest a paclitaxel-specific resistance 

mechanism. 

FYN is a member of the Src family of kinases. Drug resistance association in 

cancer has been reported for FYN through enhancement of survival signaling, 

cytoskeletal remodeling, focal adhesion and ECM interaction, immune evasion, and 

drug efflux (157). FYN, which was upregulated individually in the most significant 

term “Focal adhesion”, was accompanied by downregulated FLNB and MYL9 

(Figures 24-27). This suggests a potential paclitaxel-specific resistance mechanism 
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mediated by focal adhesion dynamics. Similarly, in the “Adherens junction”, FYN, 

MYL9, and ARHGAP29 were coexisting, but FYN was the only upregulated gene 

among them (Figures 24-27). This is likely another paclitaxel-specific resistance 

mechanism mediated by adherens junction dynamics. FYN was also the only 

upregulated gene in the “Phospholipase D signaling pathway”. Phospholipase D 

signaling produces phosphatidic acid to promote cell survival, inhibit apoptosis, 

promote metabolic adaptation, enhance drug efflux but decrease influx, improve 

cytoskeletal organization, enhance angiogenesis, and tolerate oxidative stress, 

leading to drug resistance in cancer (158). 

ODC1 was the only upregulated gene driving activity in the “Gluthathione 

metabolism” and “Efferocytosis” (Tables 8-11 in Appendix 2). Glutathione 

metabolism plays a crucial role in drug detoxification, maintaining redox balance, 

supporting cancer cell survival under chemotherapy-induced stress, and contributing 

to the MDR in cancer (159). Similarly, efferocytosis may cause drug resistance in 

cancer by means of immunosuppressive TME, pro-survival and proliferation signals, 

nutrient recycling and metabolic adaptation, promotion of angiogenesis, evasion of 

apoptosis, and MDR (160). Therefore, ODC1 seems to be linked to paclitaxel-

specific resistance through its association with these two terms. 

CYP24A1 was downregulated in the “MicroRNAs in cancer” (Tables 8-11 in 

Appendix 2). CYP24A1 is recognized for inactivation of active vitamin D 

metabolites and has been reported to contribute to the development of drug resistance 

through immune evasion and TME modulation (161).  

MMP7 was downregulated in the “Wnt signaling pathway”, while TCF7L2-

mediated activity maintained the pathway (Tables 8-11 in Appendix 2). Mostly, 

upregulation of MMP7 is reported to be associated with drug resistance since it 

might aid ECM remodeling and alter TME (162). Its downregulation likely to show 

complex reprogramming of the TME and signaling pathways.  
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In addition to the “Focal adhesion”, MYL9 was downregulated in the “Adherens 

junction”, “Tight junction”, and “Axon guidance” (Figures 24-25, Tables 8-11 in 

Appendix 2). All of these terms are critical in the development of drug resistance. In 

addition, it is reported in the previous studies that downregulation of MYL9 causes a 

weakening in cellular architecture and interactions, and promotes migration and 

metastasis (163). ARHGAP29 was also downregulated in the “Adherens junction” 

(Figures 24-25). 

EDN1 was downregulated in the “HIF-1 signaling pathway”, “TNF signaling 

pathway”, “Renin secretion”, and “Melanogenesis” (Tables 9 and 11 in Appendix 2). 

Reduced TNF signaling can lead to resistance through reduced apoptosis, immune 

evasion, resistance to ROS-generating therapies, and microenvironment adaptation 

(164). Decreased renin is linked to impaired immune modulation and resistance to 

anti-angiogenic therapies (165). Melanogenesis has been reported to contribute to 

drug resistance through metabolic adaptations, evasion of immune responses, and 

modification of the TME (166). While TCF7L2 was upregulated, only EDN1 was 

downregulated in this term (Tables 9 and 11 in Appendix 2). EDN1, along with 

MYL9, was also downregulated in the “cAMP signaling pathway”, which was 

suppressed (Tables 9 and 11 in Appendix 2). The deficiency in cAMP signaling can 

trigger resistance through metabolic reprogramming, immune evasion, and apoptosis 

inhibition (167). 

4.2.2. Resistance mechanisms of 5-FU 

Pathway enrichment analysis for 5-FU showed a trend opposite to that of 

paclitaxel. Pathways for 5-FU were highly active although most enriched terms were 

common to both analyses (Tables 12 and 13 in Appendix 2). PI3K/Akt, MAPK, NF-

κΒ, JAK/STAT, Ras, Hippo, Wnt, and FoxO signaling pathways associated with 

cancer cell survival were all highly active, suggesting the maintenance of general 

pro-survival resistance mechanisms (Tables 12 and 13 in Appendix 2). The two most 

significant terms “ECM-receptor interaction” and “Focal adhesion” were also highly 
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active (Figure 28). ITGA4 was the only downregulated gene in the “ECM-receptor 

interaction”, while ITGA4, CCND2, RAC2, and VAV1 were downregulated in the 

“Focal adhesion” (Tables 12 and 13 in Appendix 2). More interestingly, TCF7L2 and 

CXCR4, which mainly maintained pathway activities in paclitaxel, were always 

downregulated although they were found in the same terms. Another interesting 

finding was that the epithelial markers CDH1 and TJP1 were upregulated in many 

terms, while the mesenchymal marker SNAI2 was upregulated in the “Adherens 

junction” and “Hippo signaling pathway” (Tables 12 and 13 in Appendix 2). The co-

upregulation of both epithelial and mesenchymal markers has been associated with 

partial EMT and cellular plasticity (168). 

A comparison of the first and second strategy results revealed unique terms 

under the first strategy including the “Neurotrophin signaling pathway”, 

“Adipocytokine signaling pathway”, and “Renal cell carcinoma” possibly indicated 

their roles in 5-FU-specific resistance mechanisms (Table 12 in Appendix 2). 

Neurotropin signaling is critical in the development of drug resistance in cancer by 

promoting cancer cell survival and anti-apoptotic effects, increasing proliferation, 

facilitating stress adaptation, maintaining cancer stem cell phenotypes, interacting 

with drug efflux mechanisms, and promoting metastasis (169). Adipocytokine 

signaling similarly plays a role in resistance development through creating a tumor-

supportive microenvironment with chronic inflammation, metabolic reprogramming, 

pro-survival signaling, EMT and metastasis, and angiogenesis (170).  

Unique DEGs for 5-FU were identified among a total of 13 DNA replication 

inhibitors, with enrichment observed exclusively under the first strategy. MAGED1, 

PINK1, PREX1, LYN, TNFSF13B, and MYO1F emerged as unique DEGs (Table 12 

in Appendix 2). The terms associated with these genes are linked to 5-FU-specific 

resistance mechanisms. Therefore, the following paragraphs elaborate on the roles 

and activities of these genes within the associated terms. 
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MAGED1 was uniquely upregulated in the “Neurotrophin signaling pathway” 

(Table 12 in Appendix 2). As described above paragraph, this pathway activates key 

pro-survival signaling cascades including PI3K/AKT and MAPK, that promote cell 

survival, proliferation, and resistance to apoptosis (169). The upregulation of 

MAGED1 may enhance these effects by stabilizing neurotrophin-receptor 

interactions or modulating downstream signaling. Additionally, the “Neurotrophin 

signaling pathway” is linked to cellular plasticity and the maintenance of cancer 

stem-like cells (CSCs), which exhibit increased resistance to chemotherapy due to 

their quiescence, enhanced DNA repair capacity, and increased drug efflux (169).  

PINK1, along with RRAS, JUN, and MITF, was upregulated in the “Mitophagy” 

and no downregulated gene was present in the term (Table 12 in Appendix 2). 

Mitophagy is critical for maintaining cellular homeostasis by removing damaged 

mitochondria and preventing ROS accumulation. This process aids in metabolic 

flexibility and adaptation to hypoxic or nutrient-deprived conditions, enabling 
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Figure 28. Fold enrichment plot showing the top 25 KEGG pathways for 5-FU based 
on the gene features of the best performing DNA replication inhibitor model



resistance to chemotherapy-induced stress. In addition, it supports CSCs and aids in 

repairing cellular damage under stress (171).  

PREX1 and LYN were together downregulated in the “Chemokine signaling 

pathway”, with LYN also downregulated in the “NF-κB signaling pathway” and “B-

cell receptor signaling pathway” (Table 12 in Appendix 2). TNFSF13B was also 

downregulated in the “NF-κB signaling pathway” and additionally in the “Cytokine-

cytokine receptor interaction” (Table 12 in Appendix 2).. Chemokine signaling 

regulates immune cell recruitment and the TME, while NF-κB and B-cell receptor 

signaling promote cell survival, proliferation, and immune evasion (172). Cytokine-

cytokine receptor interaction is associated with drug resistance through critical 

activities in immune modulation, enhanced survival and proliferation, drug 

detoxification, EMT and metastasis, and interaction with the TME (173). However, 

these terms were not suppressed. 5-FU specific downregulation of PREX1, LYN, and 

TNFSF13B seems to be supported by other genes that maintain the activity of the 

pathways (Table 12 in Appendix 2). 

MYO1F was downregulated in the “Motor proteins” although many genes were 

upregulated in the term (Table 12 in Appendix 2). Motor proteins are closely 

associated with drug resistance through altered microtubule dynamics, drug efflux, 

enhanced spindle checkpoint function, EMT, and autophagy (174). Up-regulation of 

genes associated with tubulin and actin dynamics in the term indicates likely 

cytoskeletal remodeling. However, downregulation of MYO1F, an actin-based motor 

protein, signifies its 5-FU specific role. 

There were also terms unique under the second strategy, likely representing 

general resistance mechanisms. These mechanisms may have been overshadowed 

under the first strategy by the presence of 5-FU in the training dataset and the 

dominance of 5-FU-specific features, but became apparent when 5-FU was excluded. 

These unique unique terms were “TGF-β signaling pathway”, “Glutathione 

metabolism”, “Platinum drug resistance”, and “Signaling pathways regulating 
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pluripotency of stem cells”. These terms were highly active (Table 13 in Appendix 

2). The “TGF-β signaling pathway” is associated with EMT, immune evasion, and 

plasticity, while “Glutathione metabolism” aids resistance by detoxifying ROS (175, 

176). “Platinum drug resistance” highlights mechanisms such as DNA repair and 

drug efflux, whereas “Signaling pathways regulating pluripotency of stem cells” is 

linked with CSCs, cellular quiescence, and survival under stress (177, 178). 

Figure 29 presents the term-gene graph illustrating the interactions among the 

top 15 terms identified in the enrichment analysis. The graph highlights that highly 

enriched and significant terms are notably active, with many genes playing roles 

across multiple terms. 

4.2.3. Resistant mechanisms of gemcitabine  

Initially pathway enrichment analysis for gemcitabine could not be performed 

due to insufficient DEGs. To perform the enrichment analysis, the p-value < 0,05 

criterion was applied instead of adjusted p-value. In this way, various enriched terms 

were found. The most significant enriched terms were “Glutathione metabolism”, 

“TGF-β signaling pathway”, and “Signaling pathways regulating pluripotency of 

stem cells” (Figure 30). Most of the enriched terms were active, with resistant 

samples exhibiting higher gene expression levels (Figure 31). In addition, the 

enrichment analysis for gemcitabine revealed no unique DEGs between the first and 

second strategies, indicating that all identified enriched terms are associated with 

general resistance mechanisms rather than being specific to gemcitabine resistance 

(Tables 14 and 15 in Appendix 2). 

“Glutathione metabolism” emerged as a key term, with the upregulation of 

MGST2, which associated with detoxification processes that may reduce intracellular 

gemcitabine concentrations (Figure 31) (176). In the “TGF-β signaling pathway”, the 

upregulation of INHBB and BMP4 was observed (Figure 31). “Signaling pathways 

regulating pluripotency of stem cells” showed the upregulation of FZD6, INHBB, 
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and BMP4. Both the Hippo and Wnt signaling pathways were active and FZD6 were 

upregulated in both terms (Figure 31). Additional terms “Drug metabolism - 

cytochrome P450” and “Chemical carcinogenesis - DNA adducts” as well as 

“Metabolism of xenobiotics by cytochrome P450”, also demonstrated MGST2 

upregulation (Figure 31). Its upregulation is reported to be related with enhanced 

detoxification and resistance to gemcitabine (176). 

The term-gene graph in Figure 32 illustrates that genes within the enriched terms 

were shared across multiple terms. Notably, CDH1, FZD6, BMP4, CDKN2A, and 

INHBB were enriched in several terms, and all of these genes were upregulated. 

These genes may play significant roles in the development of resistance through 

mechanisms such as cell cycle regulation, cell adhesion and EMT dynamics, 

signaling pathway activation, and TME remodeling (179-181). In addition, the 

epithelial marker CDH1 was upregulated, whereas the mesenchymal marker VIM 

was downregulated. The activity of signaling pathways that promote CSC properties 

such as Wnt and TGF-β, and the enrichment of the term pluripotency of stem cells 

indicated active cellular plasticity. This suggests a state of partial EMT, which may 
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Figure 29. Term-gene graph illustrating the interactions between enriched KEGG 
terms and their associated genes for 5-FU based on enrichment results from the best 
performing DNA replication inhibitor model



contribute to resistance mechanisms. Hence, both partial EMT and cellular plasticity 

could allow cancer cells to adapt to and survive therapy (182). 

4.2.4. Resistance mechanisms of cetuximab 

pathfindR analysis identified 167 enriched terms for cetuximab and included 

many cancer-related signaling pathways (Figure 33, Tables 16 and 17 in Appendix 

2). Similar to paclitaxel enrichment results, most genes within these terms were 

downregulated, while a few upregulated genes maintained activity. Enrichment 

analysis revealed that the active pathways associated with survival included PI3K/

Akt, MAPK, NF-κB, Ras, Wnt, and Hippo signaling pathways (Tables 16 and 17 in 

Appendix 2). In addition, immune signaling pathways such as B-cell and T-cell 

receptor signaling pathways were active. Additional active signaling pathways were 

Chemokine, Relaxin, Rap1, Apelin, Oxytocin, Calcium, cAMP, Prolactin, 

Phospholipase D signaling pathways, with only a few upregulated genes. In contrast, 

several pathways were significantly suppressed such as Estrogen, TNF, IL-17, p53, 
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Figure 30. Fold enrichment plot showing the top 25 KEGG pathways for gemcitabine 
based on the gene features of the best performing DNA replication inhibitor model



FoxO, HIF-1, ErbB, VEGF, JAK-STAT, Neurothropin, Adipocytokine signaling 

pathways. 

 

Additional enriched terms related to cell-cell interaction and cellular adhesion, 

metabolism, cytoskeletal organization, immune response, TME, microRNA 

regulation, and drug resistance were identified (Tables 16 and 17 in Appendix 2). The 

top three enriched terms were “ECM-receptor interaction”, “Focal adhesion”, and 

“PI3K-Akt signaling pathway” (Figure 33). 

“EGFR TKI resistance” was suppressed, indicating that cetuximab resistance 

mechanisms may bypass EGFR signaling and rely on alternative signaling pathways. 

In contrast, “Endocrine resistance” remained active only through the upregulation of 

E2F2 (Tables 16 and 17 in Appendix 2). It was also upregulated in multiple cancer-

related terms, including pancreatic, gastric, and breast cancer, as well as in the 

“MicroRNAs in cancer” (Tables 16 and 17 in Appendix 2). This term also remained 

active with the upregulation of ZEB1 and VIM, both of which are mesenchymal 

markers (183). E2F2 was also exclusively upregulated in the “Cellular senescence”. 

Cellular senescence is highly associated with drug resistance in cancer through pro-
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survival signaling, microenvironment remodeling, drug efflux, metabolic 

reprogramming, and immune evasion (184). The role of E2F2 in drug resistance has 

been reported through bypassing cell cycle checkpoints, enhancing DNA damage 

response and repair, evading apoptosis, inducing stemness and drug tolerance, and 

engaging in crosstalk with survival pathways (185). 

EMT markers CDH1 and TJP1, associated with epithelial characteristics, were 

consistently downregulated across multiple enriched terms (Tables 16 and 17 in 

Appendix 2). However, mesenchymal markers VIM and ZEB1 were upregulated. 

These expression changes highlight a potential role for EMT in cetuximab resistance. 

Interestingly, another mesenchymal marker SNAI2 was found to be downregulated, 

suggesting cellular plasticity and partial EMT (186). 

The comparison of the first and second strategies showed that “Signaling 

pathways regulating pluripotency of stem cells” and “Viral carcinogenesis” were 

unique under the first strategy (Table 16 in Appendix 2). Both terms were however 

suppressed. This suggests that cetuximab resistance relies on alternative mechanisms 
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other than CSC plasticity and immune evasion. In addition, no cetuximab-specific 

DEG was present in the first strategy enrichment results, suggesting a reliance on 

general resistance mechanisms rather than cetuximab-specific molecular changes. 

Figure 34, the term-gene graph, illustrates that the enriched terms for cetuximab 

predominantly consist of downregulated genes. However, a few upregulated genes, 

including E2F2, LEF1, TCF7L2, FYN, and CXCR4, sustain the activity of certain 

pathways. Notably, TCF7L2, FYN, and CXCR4 were also crucial in maintaining 

pathway activity in numerous similar terms associated with paclitaxel (Figures 

24-25). Similarly, many pathways were suppressed in paclitaxel resistance. This 

suggests that some general resistance mechanisms are shared between paclitaxel and 

cetuximab resistance and that these three genes significantly contribute to the 

development of resistance in both drugs. 
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4.3. Association of Mutation and CNA Statuses with Drug Resistance 

Using FET with the GDSC paclitaxel and 5-FU samples, the resistance 

associations of mutation and CNA statuses for unique DEGs identified as paclitaxel- 

and 5-FU-specific in the enrichment analysis revealed no significant mutation-related 

associations. However, CNA status showed significant associations for some 5-FU-

specific genes, suggesting that resistance to 5-FU may be driven not only by 

transcriptional changes but also by CNAs. 

 

A potentially significant association between paclitaxel resistance and CNA 

status was observed only for LDHB among paclitaxel-unique DEGs in the GDSC 

paclitaxel samples, showing a high OR and a borderline p-value (OR = 2,87, p-value 

= 0,05). FET was also performed for TCF7L2, CXCR4, EZH2, and CYFIP2, which 

are involved in maintaining pathway activities. Among these, only the CNA status of 

TCF7L2 showed a significant association (OR = 4,11, p-value = 0,02). 
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Figure 34. Term-gene graph illustrating the interactions between enriched KEGG 
terms and their associated genes for cetuximab based on enrichment results from the 
best performing EGFR signaling inhibitor model



With GDSC 5-FU samples, FET showed significant associations between CNA 

status and resistance for PINK1 (OR = 2,34, p-value = 0,003), PREX1 (OR = 2,68, 

p-value = 5,70 x 10-5), TNFSF13B (OR = 2,13, p-value = 0,002), and MYO1F (OR = 

2,72, p-value = 0,0005). 

Although not specific to 5-FU or gemcitabine, several genes from the feature list 

for these drugs exhibited significant associations between mutation status and drug 

resistance. For 5-FU, significant associations were observed with TJP1 (OR = 6,83, 

p-value = 0,02) and CNTRL (OR = 6,41, p-value = 0,03), while for gemcitabine, 

NUP210 (OR = ∞, p-value = 0,04) and COL3A1 (OR = ∞, p-value = 0,04) were 

significant. Similarly, for CNA status, several genes from the feature list of 

paclitaxel, 5-FU, and gemcitabine were significantly associated with resistance. For 

paclitaxel, several genes within enriched terms demonstrated significant associations, 

including PLAU (OR = 5,87, p-value = 0,007) and DKK1 (OR = 3,51, p-value = 

0,04). Other genes from the paclitaxel feature list that showed significant 

associations are presented in Table 18 in Appendix 3. For 5-FU, around 500 genes 

exhibited significant associations (Table 19 in Appendix 3), while for gemcitabine, 

over 100 genes showed CNA-related resistance links (Table 20 in Appendix 3). 

4.4.  Predictive Analysis of Resistance Mechanisms and Genomic Interactions 

with Survival Outcomes 

In the univariate penalized CoxPH regression models for FYN, FLNB, and 

MYL9, which are unique DEGs in the “Focal adhesion” that emerged most 

significant in the enrichment analysis for paclitaxel, the C-index was highest for 

FYN (C-index = 0,89).  In the multivariate penalized CoxPH regression models, the 

combination of FYN and MYL9 yielded the highest C-index (0,90). Similarly, the C-

indices of pathways derived from multivariate models containing resistance-related 

genes were also notably high. The highest was for the “Axon guidance”, which also 

included FYN and MYL9 (C-index = 0,94). The C-index for terms containing only 

FYN was almost identical, indicating that FYN alone was sufficient for strong 
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predictive performance. In contrast, MYL9 alone had a lower C-index (0,80) 

although higher values were observed for most terms containing only MYL9 except 

for the “Motor proteins”. The top-performing MYL9-only term was “Cytoskeleton in 

muscle cells” (C-index = 0,92) followed by the “Regulation of actin cytoskeleton” 

(C-index = 0,90). Notably, “Focal adhesion” containing all three genes had a lower 

C-index (0,87) than FYN alone. These results indicate a strong predictive association 

between CNA status of FYN and paclitaxel resistance with the “Axon guidance” 

emerging as the most predictive term, outperforming “Focal adhesion”, which was 

the most significant term in the enrichment analysis (Figure 35). 

HRs of TCF7L2 and LDHB, whose CNA association with resistance to 

paclitaxel was significant with FET, was quite high for response and CNA x response 

interaction with univariate penalized CoxPH regression models. HRs were also high 

in the model in which two genes were used together with bivariate penalized CoxPH 

regression models. Although the C-indices were high individually, it was superior 

when combined, achieving a C-index = 0,90. This suggests that CNAs of FYN and 

LDHB are likely driving mechanisms of paclitaxel resistance (Figure 36). 
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Figure 35. C-indices from penalized univariate and multivariate CoxPH regression 
models for paclitaxel-unique genes (FYN, FLNB, and MYL9) within the most 
enriched focal adhesion pathway



When the LRT was applied separately to unique DEGs for paclitaxel and 

TCF7L2, the worst prognosis for TCF7L2, LDHB, MMP7, and FLNB was observed 

in the group with combined CNA and resistant samples. All of them showed a p-

value < 0,05, suggesting that CNA alterations in these genes play a significant role in 

driving resistance to paclitaxel (Figure 37). 

In the TCGA STAD cohort for 5-FU, the DEGs identified as 5-FU-specific 

showed the highest C-index score for LYN alone (C-index = 0,88) with the 
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Figure 36. HRs and C-indices from penalized univariate CoxPH regression models 
for LDHB and TCF7L2, identified as significant in the pathway enrichment analysis 
for paclitaxel resistance, and from penalized bivariate CoxPH regression model when 
evaluated together



univariate penalized CoxPH regression models. The next with the highest C-index 

was that for MYO1F with C-index = 0,81. There were increases in C-index when 

combinations were used with the multivariate penalized CoxPH regression models. 

The three different combinations involving LYN and PINK1 achieved the highest 

value with C-index = 0,93. Interestingly, when only LYN and PINK1 were used 

together, the C-index decreased to 0,80. However, the C-index increased when 

MYO1F or TNFSF13B was added to the model. The addition of PREX1 to the 

models did not result in any improvement. LYN, MYO1F, and PINK1 were enriched 

in different terms, while TNFSF13B was enriched only in the “NF-κB signaling 

pathway” with LYN. This demonstrated that combining genes from different terms 

improved the predictive relationship between CNA and resistance (Figure 38). 
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Figure 37. KM survival curves for paclitaxel-resistance-associated genes (TCF7L2, 
LDHB, MMP7, and FLNB) identified in the pathway enrichment analysis of 
paclitaxel



C-index comparison was conducted based on the terms to which LYN and 

TNFSF13B belong in the TCGA STAD cohort for 5-FU samples. This analysis was 

not conducted for MYO1F and PINK1 as they were exclusively enriched in the 

resistance-related terms “Motor proteins” and “Mitophagy” respectively. LYN had 

nearly identical C-indices for the “NF-κB signaling pathway” and “Fc gamma R-

mediated phagocytosis” with the highest C-index = 0,89. However, the situation was 

different for TNFSF13B as the C-index increased to 0,90 for the “Cytokine-cytokine 

receptor interaction” and to 0,89 for the “NF-κB signaling pathway”. The C-indices 

of other terms also improved. These results indicate that LYN alone and TNFSF13B 

with the activity of the pathways it is associated with can effectively predict the 

relationship between CNA and resistance (Figure 39). 

BAMBI, which was upregulated in the “Wnt signaling pathway” and “TGF-β 

signaling pathway” according to enrichment analysis for the 5-FU samples, was 

associated with poor prognosis based on mutation status (p-value = 0,00027) with the 

LRT. The univariate penalized CoxPH regression model yielded HR = 7,28 (95% CI: 

1,00-13,02). This substantial effect size highlights BAMBI’s critical role in driving 

resistance and poor survival. Furthermore, CDH1, which was upregulated in several 

terms such as “Hippo signaling pathway” and “Adherens junction” according to 
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Figure 38. C-indices from penalized univariate and multivariate CoxPH regression 
models for 5-FU-unique genes (LYN, MYO1F, TNFSF13B, PINK1, and PREX1). 
Genes are evaluated individually and in combination



enrichment analysis for the 5-FU STAD samples and is also an epithelial marker, was 

associated with poor prognosis based on mutation status (p-value = 0,044) with the 

LRT. The univariate penalized CoxPH regression model yielded HR = 1,18 (95% CI: 

1,00-1,22). This suggests that the mutation status of CDH1 contributes to worse 

outcomes in 5-FU resistance in the STAD cohort (Figure 40). 

 

When the univariate penalized CoxPH regression model for gemcitabine in the 

TCGA PAAD cohort was applied for GPX8, BMP4, MGST2, and CDH1, identified 

as key genes related to drug resistance in the enrichment analysis, the highest 

individual C-index (C-index = 0,64) was observed for GPX8. However, when all 

four genes were included in a multivariate penalized CoxPH regression model, the 

￼90

Figure 39. C-indices from penalized univariate CoxPH regression models for LYN 
and TNFSF13B, identified as significant in the pathway enrichment analysis for 5-
FU resistance



C-index increased to 0,70, indicating an improved predictive performance. 

Additional improvements were observed with other combinations of the genes. 

Enrichment analysis revealed that GPX8 and MGST2 were enriched together in the 

“Glutathione metabolism”, while CDH1 and BMP4 were enriched together in the 

“Hippo signaling pathway”. The higher C-index in the multivariate model suggests 

that resistance to gemcitabine is multi-factorial, involving metabolic and signaling 

pathways that are captured more effectively when these genes are combined (Figure 

41). 

When the LRT was applied to NQO1 and CLIC3, the features of the pan-drug 

models with the strongest prediction of response to gemcitabine based on mutation 
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Figure 40. KM survival curves for BAMBI and CDH1, identified as resistance-
associated in the pathway enrichment analysis for 5-FU, stratified by mutation status

Figure 41. C-indices from penalized univariate and multivariate CoxPH regression 
models for gemcitabine, including genes from the top enriched pathways (GPX8, 
BMP4, MGST2, and CDH1)



status, the worst prognosis was observed in the group with mutations but no 

response. Both results were significant (p-value < 0,0001). The univariate penalized 

CoxPH regression models yielded HR = 1,30 (95% CI: 1,00-1,30) for the mutation × 

response interaction of NQO1, and HR = 8,66 (95% CI: 2,89-22,20) for the mutation 

× response interaction of CLIC3. These findings suggest mutations in NQO1 and 

CLIC3 are associated with resistance to gemcitabine and poor survival outcomes. 

The significant interaction terms further emphasize the presence of these mutations 

modifies the influence of these genes on the response to gemcitabine (Figure 42). 

When the LRT was applied to TBC1D10C and LSR, which were also predictive 

features for gemcitabine in the TCGA PAAD cohort, the worst prognosis was 

observed in the groups with mutation and no response for TBC1D10C and CNA and 

no response for LSR, respectively. The p-values were highly significant for both. The 

univariate penalized CoxPH regression models yielded HR = 2,62 (95% CI: 

1,00-3,20) for the mutation × response interaction for TBC1D10C, and HR = 4,15 
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Figure 42. KM survival curves for gemcitabine-resistance-associated genes (NQO1, 
CLIC3, TBC1D10C, and LSR)



(95% CI: 1,00-8,53) for the CNA × response interaction for LSR. These results 

indicated TBC1D10C mutations and LSR CNAs predict poor prognosis and 

resistance to gemcitabine in the PAAD cohort (Figure 42). 
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5. DISCUSSION 

Our enrichment analyses identified that LDHB-driven “Pyruvate metabolism” 

was specifically activated in response to paclitaxel. Among all mitotic, cytoskeletal, 

DNA replication, and EGFR signaling inhibitors, LDHB was upregulated solely in 

paclitaxel-treated samples, and “Pyruvate metabolism” was uniquely enriched for 

paclitaxel. In addition, FET results for LDHB pointed to a potential link between 

paclitaxel resistance and its CNA status (OR = 2,87, p-value = 0,05). The univariate 

CoxPH regression model also showed CNA x resistance interaction was significant 

for LDHB. This suggests a multi-level role for LDHB in drug resistance through 

both transcriptional regulation and CNA-mediated effects. These findings emphasize 

LDHB’s dual role in resistance and its prognostic significance, particularly in 

paclitaxel-treated cases. These observations imply that both transcriptional 

upregulation and CNAs of LDHB may contribute to paclitaxel resistance. Consistent 

with this, earlier studies have shown that resistant cancer cells may enhance LDHB 

expression through metabolic reprogramming, converting lactate into pyruvate and 

channeling it into oxidative phosphorylation under hypoxic conditions (154, 187). 

Furthermore, LDHB upregulation was associated with paclitaxel resistance in oral 

squamous cell carcinoma (188). Additionally, silencing LDHB in Merkel cell 

carcinoma cell lines increased paclitaxel-induced apoptosis, which was reversed by 

LDHB re-expression (189).  

Paclitaxel-resistant cell lines are likely to exist in a drug-tolerant persister (DTP) 

state, which is linked to the emergence of drug-resistant phenotypes (190). In this 

state, cancer cells enter reversible quiescence in response to drug-induced stress, 

prioritizing survival over proliferation with the Wnt signaling pathway frequently 

reported as active (191). During DTP, stress response and compensatory mechanisms 

are activated, accompanied by epigenetic and metabolic reprogramming, acquisition 

of stem-like features, and partial or complete suppression of pathway activity often 

with only a few genes remaining active (192). In our enrichment results for 

paclitaxel, most pathways were either suppressed or partially active, with limited 
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gene upregulation across multiple terms. Despite the suppression of numerous 

survival-associated pathways, compensatory Wnt and Hippo signaling driven by 

TCF7L2 appeared to support survival (192, 193). FYN-mediated “Focal adhesion” 

may also facilitate apoptotic resistance and promote cell survival (194). In addition 

to its role in survival, FYN upregulation was noteworthy as its activation has been 

characterized as a hallmark of the DTP phenotype (195). Furthermore, LDHB-

mediated “Pyruvate metabolism” and ODC1-mediated “Glutathione metabolism” 

reflected metabolic reprogramming, while EZH2-mediated “MicroRNAs in cancer” 

suggested epigenetic adaptation (196). 

In our enrichment results for paclitaxel, terms associated with cellular adhesion 

and cell-cell interaction such as “ECM-receptor interaction” and “Tight junction” 

were suppressed. In contrast, FYN-mediated “Focal adhesion” and TCF7L2- and 

FYN-mediated “Adherens junction” were partially active. Additionally, survival-

related signaling pathways including p53 and PI3K/Akt were found to be suppressed. 

These results suggest the presence of anoikis resistance, in which FYN upregulation 

may represent a paclitaxel-specific survival mechanism. FYN was identified as a 

DEG exclusively for paclitaxel among 21 mitotic and cytoskeletal inhibitors. Our 

observation that FYN was the only upregulated gene within the most significantly 

enriched term, “Focal adhesion”, may indicate that paclitaxel-resistant cell lines 

engage FYN-driven adhesion signaling to evade apoptosis. Supporting this, Chou et 

al. (2021) demonstrated FYN upregulation in paclitaxel-resistant basal-like TNBC 

(197). Similarly, Egeland et al. (2024) reported FYN upregulation in resistant TNBC 

patients and in rapidly progressing metastatic lesions (198). However, FLNB and 

MYL9, two other paclitaxel-specific DEGs identified within the “Focal adhesion”, 

were downregulated. These genes are known to contribute to actin cytoskeleton 

remodeling and contraction, and their downregulation may support cell survival 

during mitotic arrest by reducing cytoskeletal tension (199, 200). In particular, the 

upregulation of FYN and downregulation of MYL9 were also observed in the 

“Adherens junction” and “Axon guidance”. In addition, FET revealed no association 
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of FYN with CNAs or mutations in the GDSC dataset, and univariate penalized 

CoxPH regression models indicated no significant interaction of CNA or mutation 

status with resistance. These findings suggest that FYN contributes to paclitaxel 

resistance primarily through its transcriptional activation and pathway-specific roles 

rather than genomic alterations. 

Our enrichment results indicated that TCF7L2 upregulation may also contribute 

to paclitaxel resistance, potentially acting synergistically with FYN. TCF7L2 was 

found to be upregulated not only in the “Adherens junction” but also exclusively in 

the Wnt and Hippo signaling pathways, as well as in several cancer-related terms. 

Unlike FYN, however, FET suggested that CNAs in TCF7L2 may contribute to 

paclitaxel resistance alongside its transcriptional upregulation (OR = 4,11, p-value = 

0,016). Mechanistically, FYN is capable of activating the Wnt signaling pathway 

either directly through phosphorylation of β-catenin, or indirectly by stabilizing β-

catenin via inhibition of its degradation through interaction with GSK3β within the 

β-catenin destruction complex (157, 201, 202). Therefore, TCF7L2 upregulation may 

be driven by FYN activation. 

FYN may be a critical mediator of paclitaxel resistance not only by upregulating 

TCF7L2 but also by being activated through phosphorylation by CXCR4 (203). 

CXCR4, which was co-upregulated with FYN in the “Axon guidance”, was also co-

upregulated with TCF7L2 in the “Pathways in cancer.” CXCR4 is known to be 

upregulated in hypoxic niches, where it facilitates chemotactic migration toward 

CXCL12-rich adaptive regions within the TME, thereby enabling cells to evade 

paclitaxel exposure (204). Moreover, CXCR4 was found to be upregulated in the 

“Regulation of actin cytoskeleton”. This suggests that actin cytoskeleton remodeling 

may enhance invasiveness, motility, metastasis, and EMT in paclitaxel-resistant cell 

lines, contributing to resistance through apoptotic evasion (205). Notably, CXCR4 

exhibited the highest logFC among all genes upregulated by paclitaxel in this study. 

Overall, these findings suggest that CXCR4, FYN, and TCF7L2 may function in a 
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coordinated and interconnected regulatory mechanism contributing to paclitaxel 

resistance. 

Similar to the enrichment results for paclitaxel, CXCR4, FYN, and TCF7L2 

were predominantly upregulated in the same pathways in the enrichment results for 

cetuximab, suggesting that the two drugs may share common resistance mechanisms. 

Clinical trial findings demonstrating improved treatment responses with the 

combination of paclitaxel and cetuximab in metastatic or recurrent HNSC support 

the hypothesis that these genes may play a pivotal role in resistance and that co-

targeting them could enhance therapeutic efficacy in combination strategies (206, 

207). In our analysis with paclitaxel, FYN emerged as a unique DEG among mitotic 

and cytoskeletal inhibitors. While FYN was also upregulated for cetuximab, it did 

not meet the DEG threshold based on logFC. However, FYN was identified as a 

DEG for other EGFR-targeted therapies, including gefitinib, afatinib, and lapatinib, 

suggesting a broader role in resistance to EGFR inhibition. This finding aligns with 

previous studies reporting that FYN can be activated by EGFR pathway mutations 

and may contribute to therapeutic resistance and cancer progression (157, 208). 

Moreover, although the CNA status of TCF7L2 was significantly associated with 

paclitaxel resistance, no such association was observed for cetuximab, indicating that 

TCF7L2 may contribute to cetuximab resistance primarily through transcriptional 

upregulation. Among the genes upregulated in response to cetuximab, CXCR4 

exhibited the highest logFC consistent with its expression pattern observed under 

paclitaxel treatment. 

Our enrichment results for cetuximab suggest that cetuximab-resistant cell lines 

may exist in a DTP state similar to that observed in paclitaxel-resistant cell lines. In 

these results, most enriched terms were either partially active or suppressed, with a 

predominance of downregulated genes. Key survival-associated pathways including 

PI3K/Akt, MAPK, NF-κB, Wnt, and Hippo were all partially active, reflecting 

limited activation of survival signaling. In addition, PIK3CG-mediated “Inositol 

phosphate metabolism”, together with ZEB1-, E2F2-, and VIM-mediated enrichment 
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in the “MicroRNAs in cancer”, indicated the presence of both metabolic and 

epigenetic reprogramming. Most importantly, FYN upregulation, which is a hallmark 

feature of the DTP phenotype, was also observed (195). 

Our enrichment results for cetuximab also revealed critical insights into its 

resistance mechanisms. The suppression of the “EGFR tyrosine kinase inhibitor 

resistance” suggests that canonical EGFR-dependent mechanisms may not be the 

primary drivers of resistance and that resistant cells may survive by bypassing EGFR 

signaling (209). Supporting this, our data indicated that PIK3CG-mediated “Inositol 

phosphate metabolism” may activate the PI3K/Akt pathway through metabolic 

reprogramming in an EGFR-independent manner, thereby promoting cell survival 

and contributing to immune suppression (210, 211). Furthermore, the upregulation of 

VIM and ZEB1, along with the downregulation of CDH1 across multiple enriched 

terms, suggests that EMT may play a role in cetuximab resistance (212). Cetuximab 

may also contribute to resistance by inducing immune suppression through blockade 

of EGFR signaling (213). Given that EGFR inhibition can suppress the MAPK 

pathway, our findings are consistent with this mechanism as only partial activation of 

the MAP4K1-mediated “MAPK signaling pathway” was observed (214). Several 

immune-related terms such as “B-cell signaling pathways” and “T-cell signaling 

pathway” were also partially active, and key components of the AP-1 TF complex 

(JUN, FOS, and FOSL1), which are involved in immune signaling via MAPK, were 

downregulated within these terms (215). However, LCK, which is a Src family 

kinase, was upregulated in immune-related pathways either independently or in 

coordination with FYN, which is another Src kinase. Both FYN and LCK play key 

roles in T-cell activation (216). This pattern suggests that rather than triggering a full 

immune response cetuximab-resistant cell lines may exist in a partially immune-like 

signaling state by selectively activating Src kinases to support survival and 

cytoskeletal adaptation (217). 

Our enrichment results for 5-FU revealed a contrasting pattern compared to 

paclitaxel and cetuximab with a large number of pathways being active and 
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containing numerous upregulated genes. Moreover, CSC markers such as 

ALDH1A1, ALDH1A3, SOX9, KLF5, and ITGB1 were upregulated across multiple 

enriched terms (218-222). These findings suggest that 5-FU-resistant cell lines may 

exhibit a stem-like phenotype, which is commonly associated with enhanced drug 

resistance (223, 224). 

Enrichment analyses for 5-FU revealed that genes uniquely associated with 5-

FU, identified from the union of gene features across 13 DNA replication inhibitors, 

were represented in the enriched terms. Among these genes, FET indicated a 

significant association between CNA status and drug resistance for PINK1, PREX1, 

TNFSF13B, and MYO1F, suggesting that both CNAs and transcriptional regulation 

of these genes may contribute to 5-FU-specific resistance. In our enrichment results, 

PINK1 was upregulated, whereas the other three genes were downregulated. The 

association between PINK1 upregulation and 5-FU resistance has been previously 

reported. Liu et al. (2024) demonstrated that reduced expression of the lncRNA 

ABALON led to PINK1 upregulation, promoting mitophagy and contributing to 5-

FU resistance (225). Similarly, Yamashita et al. (2017) reported that PINK1 

upregulation was linked to increased mitophagy, 5-FU resistance, and poor prognosis 

in esophageal squamous cell carcinoma (226). However, to our knowledge, no prior 

studies have shown that PINK1 CNAs may also contribute to 5-FU resistance. 

Therefore, this study is the first to suggest that both transcriptional upregulation and 

CNAs in PINK1 may be jointly associated with resistance to 5-FU. 

Our enrichment results for gemcitabine based on the adjusted p-value were 

inconclusive as only SLFN11 met the threshold for differential expression under this 

criterion. Consequently, enrichment analysis was performed using genes identified 

based on the unadjusted p-value. The results suggest that gemcitabine likely exhibits 

cancer-type-specific activity and involves diverse resistance mechanisms. An 

alternative explanation is that epigenetic and post-transcriptional regulation, along 

with genomic alterations, may play a more prominent role in gemcitabine resistance 

than transcriptional changes alone (227-229). 
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The EM, EC and EMC pan-drug models exhibited variable performances in drug 

response according to the drugs across the four strategies used. For PDX, the EM 

models generally did not perform well. However, EC and EMC models were more 

robust. This demonstrated that CNAs are critical for building more powerful models 

for response prediction in the PDX dataset. It is usual for CNAs to be more important 

in experiments such as PDX, where controlled trials with less diversity in the lab 

environment are conducted (230). Immunosuppressed mice may not show intra-

tumor heterogeneity compared to real patients. That is, they may all represent a 

single clonal population because tumors that are less dominant by selective pressure 

may not survive (231). This may have made the existing CNAs even more dominant. 

For the mutation, the opposite may have happened. They may have a lower mutation 

burden compared to actual patients. Because they are immunosuppressed, immune 

surveillance is weak and there are fewer environmental mutagenic factors (232). The 

small number of mutations in subclones may not contribute to drug response 

prediction because they do not show a dominant effect. Moreover, mutations may not 

be neutral in driver genes but in genes with no functional effect (233). In some cases, 

the EMC is the strongest model, indicating that mutations may also complement 

CNAs. However, their small number in large datasets with many drugs may indicate 

that the signals from them are diluted and cannot perform well in prediction with 

gene expression data alone. Since the most successful models in TL are those with 

the highest generalizability, it is not surprising to see poor performance of EM 

models in the PDX datasets. 

In contrast to the PDX, there were drugs in which the mutation was highly 

predictive of response in TCGA response predictions. For example, the EM models 

for 5-FU and cetuximab were the strongest. In human patients, the number and even 

the impact of mutations may be higher because of the greater diversity and a truly 

functioning TME working together with the immune response (234). Moreover, in 

human patients, mutations that confer advantage among sub-clones may not be easily 

dominated by CNAs, which are dominant as in PDX (235). Driver genes are more 
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likely to have mutations.  The development of resistance, especially in driver genes, 

may have been caused by mutations due to the application of drugs applied in the 

clinic for mutations in patients (233). Hypermutation is also high in some cohorts. 

CNAs are common with mutations in the TCGA datasets. Since sparsity is less than 

the PDX, response predictions are more realistic. The EMC models in which 

mutations complement CNAs are also seen in the TCGA, especially in cohort 

samples. This may be because the model can generalize cohort-specific mutations. 

Variable samples from different cohorts may dilute the complement signal between 

mutations and CNAs. Since the accumulation of mutations in cohorts may differ, 

cohort-specific model testing may contribute to more realistic assessments and 

higher performance (236). 

There was a difference in the diversity of samples between the PDX and TCGA 

datasets. PDX consisted of one or two cohorts, while TCGA consisted of a larger 

number of cohorts. This is not unexpected across strategies in two datasets of 

different models when assessing the performance of all samples. What is interesting, 

however, is that different drug responses are found in the datasets even when samples 

from the same cohort are used. Paclitaxel was effective in a small number of samples 

in the PDX BRCA cohort, while the opposite was observed in the TCGA BRCA 

cohort. It is difficult for the trained model to predict successfully in both datasets in 

such a situation. However, generalizable, large and high diversity models can make 

strong predictions for both. Since such training datasets were constructed with the 

approach used in the study, strong predictions could be made. TL thus showed that 

despite class imbalance and low sample size, the datasets can be powerfully used in 

drug response prediction. 

In this study, we integrated gene expression, somatic mutation, CNA, and drug 

response data from GDSC, PDX, and TCGA using a DNN-based TL approach. 

During the training phase, we combined drugs targeting mitosis, cytoskeleton, DNA 

replication, and EGFR signaling pathways from the GDSC dataset, and subsequently 

performed drug response prediction on independent PDX and TCGA test datasets. 
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Our models outperformed MOLI on both test datasets in terms of AUCPR for all six 

drugs assessed by MOLI. In particular, our models achieved superior performance 

for erlotinib and cetuximab, for which MOLI also applied a TL framework to predict 

responses in the PDX dataset. This underscores the effectiveness of training on 

pathway-specific drugs within a TL context. However, further improvements in 

predictive performance will likely require larger sample sizes (237). Moreover, the 

integration of additional omics layers such as metabolomics and proteomics may 

enhance prediction accuracy (238). Nevertheless, our findings indicate that 

incorporating all omics layers does not necessarily lead to improved model 

performance. The integration of multiple omics types increases model complexity, 

and sparse data across omics layers may impede effective learning. Thus, the 

inclusion of more data types does not inherently result in more accurate predictions 

(239). Moreover, this study did not incorporate drug-specific features such as 

structural similarity or target profiles. Incorporating such drug-based features in the 

training process could lead to the development of more robust and generalizable 

predictive models (240). 
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6. CONCLUSION 

In this thesis, we demonstrated that MI plays a crucial role in achieving robust 

and high-performance drug response prediction. To this end, pan-drug training 

datasets were generated using TL-based DNNs with the GDSC data and robustly 

validated on in vivo PDX and ex vivo TCGA datasets. 

Secondly, pathway enrichment analyses were used to uncover the resistance 

mechanisms of paclitaxel, 5-FU, gemcitabine, and cetuximab. By comparing 

enrichment results across different strategies, we identified general resistance 

mechanisms that were shared across strategies for the four drugs, and drug-specific 

resistance mechanisms that emerged only in the presence of drug response data for 

paclitaxel and 5-FU. 

Thirdly, we investigated whether drug-specific resistance mechanisms were 

driven only by transcriptional changes or also influenced by genomic alterations. 

FET revealed that genomic changes played a significant role in some drug-specific 

resistance mechanisms, suggesting their importance beyond transcriptional 

regulation. 

Fourth, we explored whether resistance mechanisms were attributable to the 

activity of individual genes or the collective effect of genes within pathways. In 

addition, we examined the interaction of resistance with mutations and CNAs. Using 

CoxPH regression models, we found that in some cases, individual genes better 

explained resistance, while in others, the combined effect of genes within pathways 

was more explanatory. Furthermore, it was determined that mutations and CNAs 

could have an interaction effect on resistance, suggesting that genomic alterations 

contribute significantly to the development of resistance. 

Finally, we aimed to determine whether genes associated with resistance could 

also predict survival outcomes, which might be as both predictive and prognostic 

markers. Using the survival data from the TCGA dataset, LRT was performed and 

￼103



KM survival curves were generated. Our findings revealed that genomic alterations 

and resistance were associated with poorer survival outcomes, indicating their dual 

role as predictive and prognostic markers. 

In conclusion, this thesis provides a comprehensive approach to drug response 

prediction and elucidates drug resistance mechanisms. The identified resistance 

mechanisms, particularly for paclitaxel and 5-FU, hold potential for improving 

targeted therapy development, enabling personalized treatment opportunities, serving 

as biomarkers, and ultimately increasing treatment success. 
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APPENDICES 

APPENDIX 1:  Common enriched terms for paclitaxel                                     

ID Term Description

hsa04115 p53 signaling pathway

hsa04512 ECM-receptor interaction

hsa04510 Focal adhesion

hsa05222 Small cell lung cancer

hsa05165 Human papillomavirus infection

hsa04151 PI3K-Akt signaling pathway

hsa05205 Proteoglycans in cancer

hsa04390 Hippo signaling pathway

hsa05200 Pathways in cancer

hsa04392 Hippo signaling pathway - multiple species

hsa04933 AGE-RAGE signaling pathway in diabetic complications

hsa04530 Tight junction

hsa05130 Pathogenic Escherichia coli infection

hsa05213 Endometrial cancer

hsa05210 Colorectal cancer

hsa04520 Adherens junction

hsa05215 Prostate cancer

hsa04915 Estrogen signaling pathway

hsa05146 Amoebiasis

hsa04014 Ras signaling pathway

hsa04820 Cytoskeleton in muscle cells

hsa04010 MAPK signaling pathway
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hsa04934 Cushing syndrome

hsa05226 Gastric cancer

hsa05224 Breast cancer

hsa05225 Hepatocellular carcinoma

hsa05163 Human cytomegalovirus infection

hsa04610 Complement and coagulation cascades

hsa01521 EGFR TKI resistance

hsa05150 Staphylococcus aureus infection

hsa04916 Melanogenesis

hsa04066 HIF-1 signaling pathway

hsa05216 Thyroid cancer

hsa04072 Phospholipase D signaling pathway

hsa05412 Arrhythmogenic right ventricular cardiomyopathy

hsa04810 Regulation of actin cytoskeleton

hsa04926 Relaxin signaling pathway

hsa04668 TNF signaling pathway

hsa05120 Epithelial cell signaling in Helicobacter pylori infection

hsa04540 Gap junction

hsa04015 Rap1 signaling pathway

hsa04912 GnRH signaling pathway

hsa04371 Apelin signaling pathway

hsa04928 Parathyroid hormone synthesis, secretion and action

hsa05207 Chemical carcinogenesis - receptor activation

hsa05145 Toxoplasmosis

hsa05217 Basal cell carcinoma

hsa05418 Fluid shear stress and atherosclerosis

ID Term Description
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hsa04921 Oxytocin signaling pathway

hsa05219 Bladder cancer

hsa05223 NSCLC

hsa05214 Glioma

hsa04012 ErbB signaling pathway

hsa05231 Choline metabolism in cancer

hsa01522 Endocrine resistance

hsa05131 Shigellosis

hsa05110 Vibrio cholerae infection

hsa00565 Ether lipid metabolism

hsa05132 Salmonella infection

hsa04936 Alcoholic liver disease

hsa04020 Calcium signaling pathway

hsa05160 Hepatitis C

hsa05230 Central carbon metabolism in cancer

hsa05206 MicroRNAs in cancer

hsa05212 Pancreatic cancer

hsa05218 Melanoma

hsa04310 Wnt signaling pathway

hsa04068 FoxO signaling pathway

hsa00564 Glycerophospholipid metabolism

hsa04666 Fc gamma R-mediated phagocytosis

hsa05167 Kaposi sarcoma-associated herpesvirus infection

hsa05235 PD-L1 expression and PD-1 checkpoint pathway in cancer

hsa04924 Renin secretion

hsa04720 Long-term potentiation

ID Term Description
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hsa05221 Acute myeloid leukemia

hsa04625 C-type lectin receptor signaling pathway

hsa05031 Amphetamine addiction

hsa04630 JAK-STAT signaling pathway

ID Term Description
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APPENDIX 2:  Pathway enrichment results 

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated

hsa04510 Focal adhesion 4,6553661 2,3e-10 FYN

ITGA2, ITGAV, 

FLNB, MYL9, 

LAMB2, LAMB3, 

LAMC2, THBS1, 

EGFR, VEGFC

hsa04512
ECM-receptor 

interaction
7,7096534 1,8e-09

LAMB2, LAMB3, 

LAMC2, THBS1, 

ITGAV, SDC4, 

ITGA2, DSPP

hsa04115
p53 signaling 

pathway
4,5707231 4,5e-08

SFN, THBS1, 

SERPINE1, 

PPP1R13L

hsa05222
Small cell lung 

cancer
4,9375095 7,5e-08

ITGA2, ITGAV, 

LAMB2, LAMB3, 

LAMC2

hsa05165

Human 

papillomavirus 

infection
2,0708778 9,0e-08 TCF7L2

EGFR, ITGA2, 

ITGAV, LAMB2, 

LAMB3, LAMC2, 

THBS1

hsa04915
Estrogen signaling 

pathway
3,9338191 9,6e-08

EGFR, KRT13, 

KRT14, KRT15, 

KRT18, KRT19

hsa05205
Proteoglycans in 

cancer
3,7494213 1,2e-07

RRAS, CTTN, 

PLAU, THBS1, 

ITGA2, ITGAV, 

SDC4, GPC1, 

EGFR

hsa04151
PI3K-Akt signaling 

pathway
2,3735209 1,2e-07

EGFR, EPHA2, 

AREG, VEGFC, 

ITGA2, ITGAV, 

LAMB2, LAMB3, 

LAMC2, THBS1

hsa05150
Staphylococcus 

aureus infection
5,4045712 6,2e-07

KRT13, KRT14, 

KRT15, KRT18, 

KRT19
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hsa04390
Hippo signaling 

pathway
3,0962963 2,6e-06 TCF7L2

YAP1, CCN2, 

AREG, AJUBA, 

SERPINE1

hsa04933

AGE-RAGE 

signaling pathway in 

diabetic 

complications

4,3471551 9,9e-06

EGR1, EDN1, F3, 

VEGFC, 

SERPINE1

hsa04520 Adherens junction 6,4357883 1,1e-05 TCF7L2, FYN

EGFR, TJP1, 

NECTIN2, 

MYL9, 

ARHGAP29

hsa04392

Hippo signaling 

pathway - multiple 

species
8,5701058 2,6e-05

YAP1, RASSF4, 

AJUBA

hsa04810
Regulation of actin 

cytoskeleton
2,5566830 2,9e-05

CYFIP2, 

CXCR4

MYL9, ITGA2, 

ITGAV, RRAS, 

EGFR

hsa05200 Pathways in cancer 1,7811016 7,1e-05
TCF7L2, 

CXCR4

LAMB2, LAMB3, 

LAMC2, ITGA2, 

ITGAV, EGFR, 

JUP, VEGFC, 

EDN1

hsa04530 Tight junction 2,0122680 8,7e-05
TJP1, CLDN1, 

CTTN, MYL9

hsa05130

Pathogenic 

Escherichia coli 

infection
2,7741383 8,7e-05 FYN, CYFIP2

CTTN, CLDN1, 

TJP1, MYO1C

hsa00620 Pyruvate metabolism 3,6358025 1,0e-04 LDHB ME2

hsa00590
Arachidonic acid 

metabolism
2,9086420 2,0e-04 PTGES, PTGR1

hsa04072
Phospholipase D 

signaling pathway
2,3018030 2,6e-04 FYN

RRAS, EGFR, 

PLPP2

hsa04066
HIF-1 signaling 

pathway
3,1995062 2,8e-04 LDHB

EGFR, 

SERPINE1, EDN1

hsa05146 Amoebiasis 3,4037300 3,6e-04

LAMB2, LAMB3, 

LAMC2, 

SERPINB6

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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hsa05213 Endometrial cancer 2,9625057 3,8e-04 TCF7L2 EGFR

hsa04014
Ras signaling 

pathway
1,4543210 4,6e-04

RRAS, VEGFC, 

EGFR, EPHA2

hsa04010
MAPK signaling 

pathway
1,7974754 5,0e-04

RRAS, EGFR, 

EPHA2, PPP3CA, 

AREG, VEGFC

hsa05210 Colorectal cancer 3,1164021 7,5e-04 TCF7L2 EGFR, AREG

hsa04820
Cytoskeleton in 

muscle cells
4,7855862 7,7e-04

ITGA2, ITGAV, 

DSG2, JUP, 

THBS1, SDC4, 

MYL9

hsa04928

Parathyroid hormone 

synthesis, secretion 

and action
2,2853616 7,8e-04

EGFR, CYP24A1, 

EGR1

hsa05215 Prostate cancer 3,6775933 8,2e-04 TCF7L2
EGFR, PLAU, 

PLAT

hsa05163

Human 

cytomegalovirus 

infection
1,5917941 1,5e-03 CXCR4

EGFR, ITGAV, 

PPP3CA

hsa04610
Complement and 

coagulation cascades
4,5707231 1,7e-03

F3, SERPINE1, 

PLAU, PLAT

hsa01521 EGFR TKI resistance 2,2853616 1,7e-03 EGFR, AXL

hsa04934 Cushing syndrome 1,1938456 2,0e-03 TCF7L2 EGFR

hsa05226 Gastric cancer 1,7263523 2,0e-03 TCF7L2 JUP, EGFR

hsa05224 Breast cancer 1,1426808 2,0e-03 TCF7L2 EGFR

hsa05225
Hepatocellular 

carcinoma
1,0254827 2,4e-03 TCF7L2 EGFR

hsa04015
Rap1 signaling 

pathway
2,4116881 3,3e-03

VEGFC, EGFR, 

EPHA2, 

ADORA2B, 

RRAS, THBS1

hsa04912
GnRH signaling 

pathway
1,9044680 3,7e-03 EGFR, EGR1

hsa05206
MicroRNAs in 

cancer
1,5264820 3,7e-03 EZH2

EGFR, CYP24A1, 

PLAU, THBS1

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
5,4786065 4,0e-03 TCF7L2

DSG2, JUP, 

ITGA2, ITGAV

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

2,3876912 4,2e-03 TJP1, EGFR

hsa04540 Gap junction 2,1049383 4,2e-03 TJP1, EGFR

hsa04611 Platelet activation 1,3557230 5,0e-03 FYN ITGA2

hsa04371
Apelin signaling 

pathway
3,1741133 5,0e-03

SERPINE1, 

RRAS, CCN2, 

EGR1, PLAT

hsa05410
Hypertrophic 

cardiomyopathy
2,7268519 5,1e-03

ITGA2, ITGAV, 

EDN1

hsa05221
Acute myeloid 

leukemia
2,6662551 5,2e-03 TCF7L2 JUP

hsa05414
Dilated 

cardiomyopathy
1,7201646 5,4e-03 ITGA2, ITGAV

hsa04360 Axon guidance 3,4141072 5,6e-03 CXCR4, FYN

PPP3CA, EPHA2, 

RHOD, RRAS, 

MYL9

hsa05216 Thyroid cancer 2,3525781 5,6e-03 TCF7L2

hsa04814 Motor proteins 1,5683854 6,4e-03 MYO1C, MYL9

hsa04926
Relaxin signaling 

pathway
2,0335844 6,9e-03

EDN1, VEGFC, 

EGFR

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,7676830 7,6e-03

EGFR, ADRB2, 

KLF5, KLF4

hsa04145 Phagosome 1,9996914 9,5e-03
ITGAV, ITGA2, 

THBS1

hsa04024
cAMP signaling 

pathway
1,5607347 1,1e-02

ADRB2, RRAS, 

MYL9, EDN1

hsa05145 Toxoplasmosis 2,4996142 1,1e-02
LAMB2, LAMB3, 

LAMC2

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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hsa05418
Fluid shear stress and 

atherosclerosis
3,0070547 1,2e-02

PLAT, EDN1, 

ITGAV, GPC1, 

SDC4

hsa04064
NF-κB signaling 

pathway
1,8387967 1,3e-02 PLAU, PPP1R13L

hsa04668
TNF signaling 

pathway
1,5839139 1,3e-02 EDN1, VEGFC

hsa05202

Transcriptional 

misregulation in 

cancer
3,0184020 1,3e-02

NFKBIZ, PLAU, 

JUP, PLAT

hsa04921
Oxytocin signaling 

pathway
1,8458689 1,4e-02

MYL9, PPP3CA, 

EGFR

hsa04020
Calcium signaling 

pathway
2,1716105 1,4e-02 CXCR4

PPP3CA, EGFR, 

ADORA2B, 

ADRB2, VEGFC

hsa05217 Basal cell carcinoma 1,2901235 1,6e-02 TCF7L2

hsa04080
Neuroactive ligand-

receptor interaction
1,5891587 1,8e-02

ADORA2B, 

F2RL1, ADRB2, 

EDN1, ADM, 

LYPD6B

hsa05219 Bladder cancer 4,3236570 1,8e-02 THBS1, EGFR

hsa04310
Wnt signaling 

pathway
2,0122680 2,0e-02 TCF7L2

PPP3CA, MMP7, 

DKK1

hsa05223 NSCLC 1,2498071 2,2e-02 EGFR

hsa05214 Glioma 1,1426808 2,2e-02 EGFR

hsa04012
ErbB signaling 

pathway
2,1618285 2,2e-02 EGFR, AREG

hsa05231
Choline metabolism 

in cancer
1,7974754 2,3e-02 EGFR, PLPP2

hsa01522 Endocrine resistance 0,8987377 2,3e-02 EGFR

hsa04148 Efferocytosis 2,9407226 2,5e-02 ODC1
ITGAV, AXL, 

THBS1, ADAM9

hsa05110
Vibrio cholerae 

infection
2,1049383 2,5e-02 TJP1

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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hsa00565
Ether lipid 

metabolism
1,7388621 2,6e-02 PLPP2

hsa05218 Melanoma 1,1426808 2,8e-02 EGFR

hsa05230
Central carbon 

metabolism in cancer
2,4996142 2,8e-02 LDHB EGFR

hsa05212 Pancreatic cancer 1,1426808 2,8e-02 EGFR

hsa04664
Fc epsilon RI 

signaling pathway
1,2901235 2,8e-02 FYN

hsa04924 Renin secretion 4,0671689 2,9e-02
ADRB2, PPP3CA, 

EDN1

hsa05235

PD-L1 expression 

and PD-1 checkpoint 

pathway in cancer
1,9509184 3,0e-02 PPP3CA, EGFR

hsa04725 Cholinergic synapse 0,9410312 3,0e-02 FYN

hsa04916 Melanogenesis 1,7018650 3,1e-02 TCF7L2 EDN1

hsa04625

C-type lectin 

receptor signaling 

pathway
1,6839506 3,2e-02 RRAS, PPP3CA

hsa04068
FoxO signaling 

pathway
1,3006123 3,7e-02 EGFR, PLK2

hsa00480
Glutathione 

metabolism
2,9086420 3,7e-02 ODC1 GPX8

hsa04071
Sphingolipid 

signaling pathway
0,7406264 3,8e-02 FYN

hsa04919
Thyroid hormone 

signaling pathway
0,7406264 3,8e-02 ITGAV

hsa04650

Natural killer cell 

mediated 

cytotoxicity
1,4543210 3,8e-02 FYN PPP3CA

hsa05131 Shigellosis 1,1762890 3,9e-02
CTTN, EGFR, 

MYL9

hsa00564
Glycerophospholipid 

metabolism
0,9089506 3,9e-02 PLPP2

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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hsa04666

Fc gamma R-

mediated 

phagocytosis
0,8987377 3,9e-02 PLPP2

hsa04660
T-cell receptor 

signaling pathway
1,3790975 4,0e-02 FYN PPP3CA

hsa04380
Osteoclast 

differentiation
1,2901235 4,1e-02 FYN PPP3CA

hsa05416 Viral myocarditis 1,5683854 4,2e-02 FYN

hsa04923

Regulation of 

lipolysis in 

adipocytes
1,5092010 4,3e-02 ADRB2

hsa04720
Long-term 

potentiation
1,3112730 4,3e-02 PPP3CA

hsa05143
African 

trypanosomiasis
2,9625057 4,4e-02 F2RL1

hsa05160 Hepatitis C 1,0957213 4,5e-02 CLDN1, EGFR

hsa05132 Salmonella infection 1,8096754 4,5e-02
TCF7L2, 

CYFIP2

AHNAK2, RRAS, 

MYL9

hsa05171
Coronavirus disease 

- COVID-19
0,5881445 4,7e-02 EGFR

hsa05031
Amphetamine 

addiction
1,2901235 4,7e-02 PPP3CA

hsa04218 Cellular senescence 1,6435819 4,9e-02
RRAS, PPP3CA, 

SERPINE1

hsa04630
JAK-STAT signaling 

pathway
0,4999228 5,0e-02 EGFR

ID Term Description Fold 
Enrichment lowest_p Up regulated Down regulated
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ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04512
ECM-receptor 

interaction
9,1835578 1,8e-09

LAMB2, LAMB3, 

LAMC2, THBS1, 

ITGAV, SDC4, 

ITGA2, DSPP

hsa04510 Focal adhesion 4,5371148 3,4e-09

ITGA2, ITGAV, 

MYL9, LAMB2, 

LAMB3, LAMC2, 

THBS1, EGFR, 

VEGFC

hsa04115
p53 signaling 

pathway
5,4445378 4,5e-08

SFN, THBS1, 

SERPINE1, 

PPP1R13L

hsa05222
Small cell lung 

cancer
5,8814452 7,5e-08

ITGA2, ITGAV, 

LAMB2, LAMB3, 

LAMC2

hsa05165

Human 

papillomavirus 

infection
2,4667809 9,0e-08 TCF7L2

EGFR, ITGA2, 

ITGAV, LAMB2, 

LAMB3, LAMC2, 

THBS1

hsa05205
Proteoglycans in 

cancer
4,4662224 1,2e-07

RRAS, CTTN, 

PLAU, THBS1, 

ITGA2, ITGAV, 

SDC4, GPC1, 

EGFR

hsa04151
PI3K-Akt signaling 

pathway
2,8272822 1,2e-07

EGFR, EPHA2, 

AREG, VEGFC, 

ITGA2, ITGAV, 

LAMB2, LAMB3, 

LAMC2, THBS1

hsa04390
Hippo signaling 

pathway
3,6882353 2,6e-06 TCF7L2

YAP1, CCN2, 

AREG, AJUBA, 

SERPINE1

hsa04933

AGE-RAGE 

signaling pathway 

in diabetic 

complications

5,1782289 3,8e-06

EGR1, EDN1, F3, 

VEGFC, 

SERPINE1

hsa04392

Hippo signaling 

pathway - multiple 

species
10,2085084 2,6e-05

YAP1, RASSF4, 

AJUBA
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hsa05200 Pathways in cancer 1,9287330 7,1e-05
TCF7L2, 

CXCR4

LAMB2, LAMB3, 

LAMC2, ITGA2, 

ITGAV, EGFR, 

VEGFC, EDN1

hsa04530 Tight junction 2,3969663 8,7e-05
TJP1, CLDN1, 

CTTN, MYL9

hsa05130

Pathogenic 

Escherichia coli 

infection
2,7537402 8,7e-05 CYFIP2

CTTN, CLDN1, 

TJP1, MYO1C

hsa05213 Endometrial cancer 3,5288671 1,9e-04 TCF7L2 EGFR

hsa00590
Arachidonic acid 

metabolism
3,4647059 2,0e-04 PTGES, PTGR1

hsa05210 Colorectal cancer 3,7121849 2,1e-04 TCF7L2 EGFR, AREG

hsa04520 Adherens junction 6,5709939 2,1e-04 TCF7L2

EGFR, TJP1, 

NECTIN2, MYL9, 

ARHGAP29

hsa05215 Prostate cancer 4,3806626 2,1e-04 TCF7L2
EGFR, PLAU, 

PLAT

hsa04915
Estrogen signaling 

pathway
3,1239151 2,1e-04

EGFR, KRT15, 

KRT18, KRT19

hsa05146 Amoebiasis 4,0544431 3,6e-04

LAMB2, LAMB3, 

LAMC2, 

SERPINB6

hsa04014
Ras signaling 

pathway
1,7323529 4,6e-04

RRAS, VEGFC, 

EGFR, EPHA2

hsa04010
MAPK signaling 

pathway
2,1411104 5,0e-04

RRAS, EGFR, 

EPHA2, PPP3CA, 

AREG, VEGFC

hsa04934 Cushing syndrome 1,4220808 5,0e-04 TCF7L2 EGFR

hsa05226 Gastric cancer 1,3709268 5,0e-04 TCF7L2 EGFR

hsa05224 Breast cancer 1,3611345 5,0e-04 TCF7L2 EGFR

hsa05225
Hepatocellular 

carcinoma
1,2215309 6,0e-04 TCF7L2 EGFR

hsa04820
Cytoskeleton in 

muscle cells
4,8861237 7,7e-04

ITGA2, ITGAV, 

DSG2, THBS1, 

SDC4, MYL9

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05163

Human 

cytomegalovirus 

infection
1,8961077 1,5e-03 CXCR4

EGFR, ITGAV, 

PPP3CA

hsa04610
Complement and 

coagulation 
5,4445378 1,7e-03

F3, SERPINE1, 

PLAU, PLAT

hsa01521 EGFR TKI 2,7222689 1,7e-03 EGFR, AXL

hsa04015
Rap1 signaling 

pathway
2,8727461 2,2e-03

VEGFC, EGFR, 

EPHA2, 

ADORA2B, 

RRAS, THBS1

hsa05150
Staphylococcus 

aureus infection
3,8626789 2,5e-03

KRT15, KRT18, 

KRT19

hsa04916 Melanogenesis 2,0272215 2,5e-03 TCF7L2 EDN1

hsa04066
HIF-1 signaling 

pathway
2,8583824 2,5e-03

EGFR, 

SERPINE1, EDN1

hsa04912
GnRH signaling 

pathway
2,2685574 2,7e-03 EGFR, EGR1

hsa05216 Thyroid cancer 2,8023356 3,1e-03 TCF7L2

hsa04072
Phospholipase D 

signaling pathway
2,0563902 3,4e-03

RRAS, EGFR, 

PLPP2

hsa04928

Parathyroid 

hormone synthesis, 

secretion and action
1,8148459 3,5e-03 EGFR, EGR1

hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
5,2207897 4,0e-03 TCF7L2

DSG2, ITGA2, 

ITGAV

hsa04810
Regulation of actin 

cytoskeleton
3,0454607 4,0e-03

CYFIP2, 

CXCR4

MYL9, ITGA2, 

ITGAV, RRAS, 

EGFR

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

2,8441615 4,2e-03 TJP1, EGFR

hsa04540 Gap junction 2,5073529 4,2e-03 TJP1, EGFR

hsa04926
Relaxin signaling 

pathway
2,4223579 4,4e-03

EDN1, VEGFC, 

EGFR

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04371
Apelin signaling 

pathway
3,7809290 4,9e-03

SERPINE1, 

RRAS, CCN2, 

EGR1, PLAT

hsa05410
Hypertrophic 

cardiomyopathy
3,2481618 5,1e-03

ITGA2, ITGAV, 

EDN1

hsa05414
Dilated 

cardiomyopathy
2,0490196 5,4e-03 ITGA2, ITGAV

hsa04814 Motor proteins 1,8682238 6,4e-03 MYO1C, MYL9

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,5792168 7,6e-03

EGFR, KLF5, 

KLF4

hsa05217 Basal cell 1,5367647 8,6e-03 TCF7L2

hsa04064
NF-κB signaling 

pathway
2,1903313 8,7e-03 PLAU, PPP1R13L

hsa04668
TNF signaling 

pathway
1,8867210 8,7e-03 EDN1, VEGFC

hsa04145 Phagosome 2,3819853 9,5e-03
ITGAV, ITGA2, 

THBS1

hsa05145 Toxoplasmosis 2,9774816 1,1e-02
LAMB2, LAMB3, 

LAMC2

hsa05418
Fluid shear stress 

and atherosclerosis
3,5819328 1,2e-02

PLAT, EDN1, 

ITGAV, GPC1, 

SDC4

hsa05219 Bladder cancer 5,1502385 1,3e-02 THBS1, EGFR

hsa04921
Oxytocin signaling 

pathway
2,1987557 1,4e-02

MYL9, PPP3CA, 

EGFR

hsa05202

Transcriptional 

misregulation in 

cancer
2,6965871 2,0e-02

NFKBIZ, PLAU, 

PLAT

hsa05223 NSCLC 1,4887408 2,2e-02 EGFR

hsa05214 Glioma 1,3611345 2,2e-02 EGFR

hsa04012
ErbB signaling 

pathway
2,5751192 2,2e-02 EGFR, AREG

hsa05231
Choline 

metabolism in 
2,1411104 2,3e-02 EGFR, PLPP2

hsa01522 Endocrine 1,0705552 2,3e-02 EGFR

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04148 Efferocytosis 2,8023356 2,5e-02
ITGAV, AXL, 

THBS1, ADAM9

hsa05110
Vibrio cholerae 

infection
2,5073529 2,5e-02 TJP1

hsa00565
Ether lipid 

metabolism
2,0712916 2,6e-02 PLPP2

hsa05206
MicroRNAs in 

cancer
1,4546475 2,6e-02 EZH2

EGFR, PLAU, 

THBS1

hsa05230
Central carbon 

metabolism in 
1,4887408 2,7e-02 EGFR

hsa05212 Pancreatic cancer 1,3611345 2,7e-02 EGFR

hsa05218 Melanoma 1,3611345 2,7e-02 EGFR

hsa04936
Alcoholic liver 

disease
0,7005839 3,0e-02 TCF7L2

hsa05235

PD-L1 expression 

and PD-1 

checkpoint pathway 
2,3238881 3,1e-02 PPP3CA, EGFR

hsa04020
Calcium signaling 

pathway
2,1556428 3,3e-02 CXCR4

PPP3CA, EGFR, 

ADORA2B, 

hsa05160 Hepatitis C 1,3051974 3,3e-02 CLDN1, EGFR

hsa04310
Wnt signaling 

pathway
1,7977248 3,5e-02 TCF7L2 PPP3CA, DKK1

hsa04625
C-type lectin 

receptor signaling 
2,0058824 3,5e-02 RRAS, PPP3CA

hsa04068
FoxO signaling 

pathway
1,5492587 3,7e-02 EGFR, PLK2

hsa00480
Glutathione 

metabolism
1,7323529 3,7e-02 GPX8

hsa05131 Shigellosis 1,4011678 3,9e-02
CTTN, EGFR, 

MYL9

hsa00564
Glycerophospholipi

d metabolism
1,0827206 3,9e-02 PLPP2

hsa04666

Fc gamma R-

mediated 

phagocytosis
1,0705552 3,9e-02 PLPP2

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05167

Kaposi sarcoma-

associated 

herpesvirus 
1,0951657 3,9e-02 TCF7L2 PPP3CA

hsa04924 Renin secretion 3,2298106 4,3e-02 PPP3CA, EDN1

hsa04720
Long-term 

potentiation
1,5619576 4,3e-02 PPP3CA

hsa05143
African 

trypanosomiasis
3,5288671 4,4e-02 F2RL1

hsa05221
Acute myeloid 

leukemia
1,5879902 4,4e-02 TCF7L2

hsa05132
Salmonella 

infection
2,1556428 4,5e-02

TCF7L2, 

CYFIP2

AHNAK2, RRAS, 

MYL9

hsa05031
Amphetamine 

addiction
1,5367647 4,7e-02 PPP3CA

hsa04630
JAK-STAT 

signaling pathway
0,5954963 5,0e-02 EGFR

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04510 Focal adhesion 4,5105820 6,8e-09 FYN

ITGA2, FLNB, 

MYL9, LAMB2, 

LAMB3, LAMC2, 

THBS1, EGFR, 

VEGFC

hsa04915
Estrogen signaling 

pathway
4,1926230 9,6e-08

EGFR, KRT13, 

KRT14, KRT15, 

KRT18, KRT19

hsa04512
ECM-receptor 

interaction
7,1897590 1,3e-07

LAMB2, LAMB3, 

LAMC2, THBS1, 

SDC4, ITGA2, 

DSPP

hsa05150
Staphylococcus 

aureus infection
5,7601351 6,2e-07

KRT13, KRT14, 

KRT15, KRT18, 

KRT19

hsa04390
Hippo signaling 

pathway
3,3000000 2,6e-06 TCF7L2

YAP1, CCN2, 

AREG, AJUBA, 

SERPINE1

hsa04933

AGE-RAGE 

signaling pathway in 

diabetic 

complications

4,6331522 3,8e-06

EGR1, EDN1, F3, 

VEGFC, 

SERPINE1

hsa04115
p53 signaling 

pathway
3,6535714 4,4e-06

SFN, THBS1, 

SERPINE1

hsa05165

Human 

papillomavirus 

infection
1,9312298 5,7e-06 TCF7L2

EGFR, ITGA2, 

LAMB2, LAMB3, 

LAMC2, THBS1

hsa05222
Small cell lung 

cancer
4,2098765 5,7e-06

ITGA2, LAMB2, 

LAMB3, LAMC2

hsa04151
PI3K-Akt signaling 

pathway
2,2767062 7,0e-06

EGFR, EPHA2, 

AREG, VEGFC, 

ITGA2, LAMB2, 

LAMB3, LAMC2, 

THBS1

hsa05205
Proteoglycans in 

cancer
3,1080729 7,0e-06

RRAS, CTTN, 

PLAU, THBS1, 

ITGA2, SDC4, 

EGFR
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hsa04520 Adherens junction 6,8591954 1,1e-05 TCF7L2, FYN

EGFR, TJP1, 

NECTIN2, 

MYL9, 

ARHGAP29

hsa04392

Hippo signaling 

pathway - multiple 

species
9,1339286 2,6e-05

YAP1, RASSF4, 

AJUBA

hsa04530 Tight junction 2,1446541 8,7e-05
TJP1, CLDN1, 

CTTN, MYL9

hsa05130

Pathogenic 

Escherichia coli 

infection
2,9566474 8,7e-05 FYN, CYFIP2

CTTN, CLDN1, 

TJP1, MYO1C

hsa00620 Pyruvate metabolism 3,8750000 1,0e-04 LDHB ME2

hsa04066
HIF-1 signaling 

pathway
3,4100000 2,8e-04 LDHB

EGFR, 

SERPINE1, EDN1

hsa05213 Endometrial cancer 3,1574074 3,8e-04 TCF7L2 EGFR

hsa05146 Amoebiasis 4,5345745 4,1e-04

LAMB2, LAMB3, 

LAMC2, 

SERPINB6, 

SERPINB3

hsa04014
Ras signaling 

pathway
1,5500000 4,6e-04

RRAS, VEGFC, 

EGFR, EPHA2

hsa04010
MAPK signaling 

pathway
1,9157303 5,0e-04

RRAS, EGFR, 

EPHA2, PPP3CA, 

AREG, VEGFC

hsa05210 Colorectal cancer 3,3214286 7,5e-04 TCF7L2 EGFR, AREG

hsa04928

Parathyroid hormone 

synthesis, secretion 

and action
2,4357143 7,8e-04

EGFR, CYP24A1, 

EGR1

hsa05215 Prostate cancer 3,9195402 8,2e-04 TCF7L2
EGFR, PLAU, 

PLAT

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05200 Pathways in cancer 1,7257085 1,4e-03
TCF7L2, 

CXCR4

LAMB2, LAMB3, 

LAMC2, ITGA2, 

EGFR, JUP, 

VEGFC, EDN1

hsa04610
Complement and 

coagulation cascades
4,8714286 1,7e-03

F3, SERPINE1, 

PLAU, PLAT

hsa01521 EGFR TKI resistance 2,4357143 1,7e-03 EGFR, AXL

hsa04934 Cushing syndrome 1,2723881 2,0e-03 TCF7L2 EGFR

hsa05226 Gastric cancer 1,8399281 2,0e-03 TCF7L2 JUP, EGFR

hsa05224 Breast cancer 1,2178571 2,0e-03 TCF7L2 EGFR

hsa05225
Hepatocellular 

carcinoma
1,0929487 2,4e-03 TCF7L2 EGFR

hsa04015
Rap1 signaling 

pathway
2,5703518 3,3e-03

VEGFC, EGFR, 

EPHA2, 

ADORA2B, 

RRAS, THBS1

hsa04072
Phospholipase D 

signaling pathway
2,4532374 3,4e-03 FYN

RRAS, EGFR, 

PLPP2

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

2,5447761 3,6e-03 TJP1, EGFR

hsa04912
GnRH signaling 

pathway
2,0297619 3,7e-03 EGFR, EGR1

hsa05206 MicroRNAs in cancer 1,3015267 3,7e-03
EGFR, CYP24A1, 

PLAU, THBS1

hsa04540 Gap junction 2,2434211 3,7e-03 TJP1, EGFR

hsa04371
Apelin signaling 

pathway
3,3829365 5,0e-03

SERPINE1, 

RRAS, CCN2, 

EGR1, PLAT

hsa05221
Acute myeloid 

leukemia
2,8416667 5,2e-03 TCF7L2 JUP

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04360 Axon guidance 3,6387195 5,6e-03 CXCR4, FYN

PPP3CA, EPHA2, 

RHOD, RRAS, 

MYL9

hsa05216 Thyroid cancer 2,5073529 5,6e-03 TCF7L2

hsa04926
Relaxin signaling 

pathway
2,1673729 6,9e-03

EDN1, VEGFC, 

EGFR

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,8839779 7,6e-03

EGFR, ADRB2, 

KLF5, KLF4

hsa04668
TNF signaling 

pathway
1,6881188 1,0e-02 EDN1, VEGFC

hsa05202

Transcriptional 

misregulation in 

cancer
3,2169811 1,0e-02

NFKBIZ, PLAU, 

JUP, PLAT

hsa04921
Oxytocin signaling 

pathway
1,9673077 1,1e-02

MYL9, PPP3CA, 

EGFR

hsa04024
cAMP signaling 

pathway
1,6634146 1,1e-02

ADRB2, RRAS, 

MYL9, EDN1

hsa04814 Motor proteins 1,6715686 1,1e-02 MYO1C, MYL9

hsa04820
Cytoskeleton in 

muscle cells
4,3717949 1,3e-02

ITGA2, DSG2, 

JUP, THBS1, 

SDC4, MYL9

hsa05163

Human 

cytomegalovirus 

infection
1,2723881 1,3e-02 CXCR4 EGFR, PPP3CA

hsa04020
Calcium signaling 

pathway
2,3144796 1,3e-02 CXCR4

PPP3CA, EGFR, 

ADORA2B, 

ADRB2, VEGFC

hsa05145 Toxoplasmosis 2,6640625 1,4e-02
LAMB2, LAMB3, 

LAMC2

hsa05217 Basal cell carcinoma 1,3750000 1,6e-02 TCF7L2

hsa04080
Neuroactive ligand-

receptor interaction
1,4114238 1,8e-02

ADORA2B, 

ADRB2, EDN1, 

ADM, LYPD6B

hsa05219 Bladder cancer 4,6081081 1,8e-02 THBS1, EGFR

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05412

Arrhythmogenic right 

ventricular 

cardiomyopathy
4,6712329 2,0e-02 TCF7L2

DSG2, JUP, 

ITGA2

hsa04310
Wnt signaling 

pathway
2,1446541 2,0e-02 TCF7L2

PPP3CA, MMP7, 

DKK1

hsa05223 NSCLC 1,3320312 2,2e-02 EGFR

hsa05214 Glioma 1,2178571 2,2e-02 EGFR

hsa04012
ErbB signaling 

pathway
2,3040541 2,2e-02 EGFR, AREG

hsa05231
Choline metabolism 

in cancer
1,9157303 2,3e-02 EGFR, PLPP2

hsa01522 Endocrine resistance 0,9578652 2,3e-02 EGFR

hsa00565
Ether lipid 

metabolism
1,8532609 2,6e-02 PLPP2

hsa04924 Renin secretion 4,3347458 2,6e-02
ADRB2, PPP3CA, 

EDN1

hsa04720
Long-term 

potentiation
1,3975410 2,6e-02 PPP3CA

hsa04810
Regulation of actin 

cytoskeleton
2,3356164 2,8e-02

CYFIP2, 

CXCR4

MYL9, ITGA2, 

RRAS, EGFR

hsa04916 Melanogenesis 1,8138298 3,1e-02 TCF7L2 EDN1

hsa05031
Amphetamine 

addiction
1,3750000 3,2e-02 PPP3CA

hsa05235

PD-L1 expression 

and PD-1 checkpoint 

pathway in cancer
2,0792683 3,5e-02 PPP3CA, EGFR

hsa05131 Shigellosis 1,2536765 3,5e-02
CTTN, EGFR, 

MYL9

hsa04370
VEGF signaling 

pathway
1,6394231 3,5e-02 PPP3CA

hsa04662
B-cell receptor 

signaling pathway
1,1217105 3,5e-02 PPP3CA

hsa04724
Glutamatergic 

synapse
0,9472222 3,6e-02 PPP3CA

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05110
Vibrio cholerae 

infection
2,2434211 3,6e-02 TJP1

hsa04068
FoxO signaling 

pathway
1,3861789 3,7e-02 EGFR, PLK2

hsa05230
Central carbon 

metabolism in cancer
2,6640625 3,7e-02 LDHB EGFR

hsa05212 Pancreatic cancer 1,2178571 3,7e-02 EGFR

hsa05218 Melanoma 1,2178571 3,7e-02 EGFR

hsa00564
Glycerophospholipid 

metabolism
0,9687500 3,9e-02 PLPP2

hsa04666

Fc gamma R-

mediated 

phagocytosis
0,9578652 3,9e-02 PLPP2

hsa05132 Salmonella infection 1,9287330 4,0e-02
TCF7L2, 

CYFIP2

AHNAK2, RRAS, 

MYL9

hsa04922
Glucagon signaling 

pathway
1,6553398 4,1e-02 LDHB PPP3CA

hsa04923

Regulation of 

lipolysis in 

adipocytes
1,6084906 4,3e-02 ADRB2

hsa04625
C-type lectin receptor 

signaling pathway
1,7947368 4,4e-02 RRAS, PPP3CA

hsa05160 Hepatitis C 1,1678082 4,5e-02 CLDN1, EGFR

hsa04728
Dopaminergic 

synapse
0,7349138 4,5e-02 PPP3CA

hsa05416 Viral myocarditis 1,6715686 4,7e-02 FYN

hsa04664
Fc epsilon RI 

signaling pathway
1,3750000 4,7e-02 FYN

hsa04114 Oocyte meiosis 0,6557692 4,9e-02 PPP3CA

hsa05418
Fluid shear stress and 

atherosclerosis
1,9229323 4,9e-02

PLAT, EDN1, 

SDC4

hsa04650
Natural killer cell 

mediated cytotoxicity
2,3250000 4,9e-02 FYN PPP3CA, ULBP2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04630
JAK-STAT signaling 

pathway
0,5328125 5,0e-02 EGFR

hsa04218 Cellular senescence 1,7517123 5,0e-02
RRAS, PPP3CA, 

SERPINE1

hsa04022
cGMP-PKG signaling 

pathway
1,7164430 5,0e-02

MYL9, PPP3CA, 

ADRB2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04115 p53 signaling pathway 5,6958242 4,5e-08

SFN, SERPINB5, 

THBS1, 

SERPINE1

hsa04915
Estrogen signaling 

pathway
4,9021438 9,6e-08

EGFR, KRT13, 

KRT14, KRT15, 

KRT18, KRT19

hsa04512
ECM-receptor 

interaction
8,4064875 9,7e-08

LAMB2, LAMB3, 

LAMC2, THBS1, 

SDC4, ITGA2, 

DSPP

hsa04510 Focal adhesion 3,6917379 9,7e-08

ITGA2, LAMB2, 

LAMB3, LAMC2, 

THBS1, EGFR, 

VEGFC

hsa05150
Staphylococcus aureus 

infection
6,7349272 6,2e-07

KRT13, KRT14, 

KRT15, KRT18, 

KRT19

hsa05165

Human 

papillomavirus 

infection
2,2580533 2,0e-06 TCF7L2

EGFR, ITGA2, 

LAMB2, LAMB3, 

LAMC2, THBS1

hsa04151
PI3K-Akt signaling 

pathway
2,6619950 2,3e-06

EGFR, EPHA2, 

AREG, VEGFC, 

ITGA2, LAMB2, 

LAMB3, LAMC2, 

THBS1

hsa05222 Small cell lung cancer 4,9223172 2,3e-06
ITGA2, LAMB2, 

LAMB3, LAMC2

hsa04390
Hippo signaling 

pathway
3,8584615 2,6e-06 TCF7L2

YAP1, CCN2, 

AREG, AJUBA, 

SERPINE1

hsa05205
Proteoglycans in 

cancer
3,6340545 2,9e-06

RRAS, CTTN, 

PLAU, THBS1, 

ITGA2, SDC4, 

EGFR

hsa04392

Hippo signaling 

pathway - multiple 

species
10,6796703 2,6e-05

YAP1, RASSF4, 

AJUBA
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hsa04530 Tight junction 1,8806967 8,7e-05
TJP1, CLDN1, 

CTTN

hsa05130

Pathogenic 

Escherichia coli 

infection
2,8808359 8,7e-05 CYFIP2

CTTN, CLDN1, 

TJP1, MYO1C

hsa05213 Endometrial cancer 3,6917379 1,9e-04 TCF7L2 EGFR

hsa05210 Colorectal cancer 3,8835165 2,1e-04 TCF7L2 EGFR, AREG

hsa04520 Adherens junction 4,5828470 2,1e-04 TCF7L2
EGFR, TJP1, 

NECTIN2

hsa05215 Prostate cancer 4,5828470 2,1e-04 TCF7L2
EGFR, PLAU, 

PLAT

hsa04810
Regulation of actin 

cytoskeleton
2,2757288 2,2e-04

CYFIP2, 

CXCR4

ITGA2, RRAS, 

EGFR

hsa05146 Amoebiasis 5,3019640 2,5e-04

LAMB2, LAMB3, 

LAMC2, 

SERPINB6, 

SERPINB3

hsa04933

AGE-RAGE signaling 

pathway in diabetic 

complications
4,3337793 4,6e-04

EGR1, F3, 

VEGFC, 

SERPINE1

hsa04014 Ras signaling pathway 1,8123077 4,6e-04
RRAS, VEGFC, 

EGFR, EPHA2

hsa04010
MAPK signaling 

pathway
2,2399309 5,0e-04

RRAS, EGFR, 

EPHA2, PPP3CA, 

AREG, VEGFC

hsa04934 Cushing syndrome 1,4877153 5,0e-04 TCF7L2 EGFR

hsa05226 Gastric cancer 2,1513005 5,0e-04 TCF7L2 JUP, EGFR

hsa05224 Breast cancer 1,4239560 5,0e-04 TCF7L2 EGFR

hsa05200 Pathways in cancer 1,8159763 5,8e-04
TCF7L2, 

CXCR4

LAMB2, LAMB3, 

LAMC2, ITGA2, 

EGFR, JUP, 

VEGFC

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05225
Hepatocellular 

carcinoma
1,2779093 6,0e-04 TCF7L2 EGFR

hsa04610
Complement and 

coagulation cascades
5,6958242 1,7e-03

F3, SERPINE1, 

PLAU, PLAT

hsa01521 EGFR TKI resistance 2,8479121 1,7e-03 EGFR, AXL

hsa04015
Rap1 signaling 

pathway
3,0053344 2,2e-03

VEGFC, EGFR, 

EPHA2, 

ADORA2B, 

RRAS, THBS1

hsa05221
Acute myeloid 

leukemia
3,3225641 2,6e-03 TCF7L2 JUP

hsa04912
GnRH signaling 

pathway
2,3732601 2,7e-03 EGFR, EGR1

hsa04657
IL-17 signaling 

pathway
2,3453394 3,0e-03 MMP13, LCN2

hsa05216 Thyroid cancer 2,9316742 3,1e-03 TCF7L2

hsa04072
Phospholipase D 

signaling pathway
2,1513005 3,4e-03

RRAS, EGFR, 

PLPP2

hsa04928

Parathyroid hormone 

synthesis, secretion 

and action
2,8479121 3,5e-03

EGFR, MMP13, 

EGR1

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

2,9754305 3,6e-03 TJP1, EGFR

hsa04540 Gap junction 2,6230769 3,7e-03 TJP1, EGFR

hsa04926
Relaxin signaling 

pathway
2,5341591 4,4e-03

VEGFC, MMP13, 

EGFR

hsa04371
Apelin signaling 

pathway
3,9554335 4,9e-03

SERPINE1, 

RRAS, CCN2, 

EGR1, PLAT

hsa05207

Chemical 

carcinogenesis - 

receptor activation
2,2028049 7,6e-03

EGFR, ADRB2, 

KLF5, KLF4

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05217 Basal cell carcinoma 1,6076923 8,6e-03 TCF7L2

hsa05145 Toxoplasmosis 3,1149038 9,7e-03
LAMB2, LAMB3, 

LAMC2

hsa05412

Arrhythmogenic right 

ventricular 

cardiomyopathy
5,4617492 1,1e-02 TCF7L2

DSG2, JUP, 

ITGA2

hsa04921
Oxytocin signaling 

pathway
1,5334911 1,1e-02 PPP3CA, EGFR

hsa05219 Bladder cancer 5,3879418 1,3e-02 THBS1, EGFR

hsa05163

Human 

cytomegalovirus 

infection
1,4877153 1,3e-02 CXCR4 EGFR, PPP3CA

hsa04020
Calcium signaling 

pathway
2,7061608 1,3e-02 CXCR4

PPP3CA, EGFR, 

ADORA2B, 

ADRB2, VEGFC

hsa04916 Melanogenesis 1,0603928 1,6e-02 TCF7L2

hsa04820
Cytoskeleton in 

muscle cells
4,2596976 1,6e-02

ITGA2, DSG2, 

JUP, THBS1, 

SDC4

hsa05230
Central carbon 

metabolism in cancer
1,5574519 1,6e-02 EGFR

hsa05223 NSCLC 1,5574519 1,6e-02 EGFR

hsa05212 Pancreatic cancer 1,4239560 1,6e-02 EGFR

hsa05214 Glioma 1,4239560 1,6e-02 EGFR

hsa05218 Melanoma 1,4239560 1,6e-02 EGFR

hsa04012
ErbB signaling 

pathway
2,6939709 1,7e-02 EGFR, AREG

hsa05235

PD-L1 expression and 

PD-1 checkpoint 

pathway in cancer
2,4311445 1,7e-02 PPP3CA, EGFR

hsa05231
Choline metabolism in 

cancer
2,2399309 1,8e-02 EGFR, PLPP2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa01522 Endocrine resistance 1,1199654 1,8e-02 EGFR

hsa04625
C-type lectin receptor 

signaling pathway
2,0984615 1,9e-02 RRAS, PPP3CA

hsa04066

HIF-1 signaling 

pathway 1,9935385 2,0e-02
EGFR, 

SERPINE1

hsa04611 Platelet activation 0,8447197 2,5e-02 ITGA2

hsa04068
FoxO signaling 

pathway
1,6207630 2,5e-02 EGFR, PLK2

hsa00565 Ether lipid metabolism 2,1668896 2,6e-02 PLPP2

hsa04924 Renin secretion 3,3788787 2,6e-02 ADRB2, PPP3CA

hsa04720
Long-term 

potentiation
1,6340479 2,6e-02 PPP3CA

hsa05206

 

MicroRNAs in cancer 1,5217851 2,6e-02

EGFR, 

SERPINB5, 

PLAU, THBS1

hsa05171
Coronavirus disease - 

COVID-19
0,7329186 3,0e-02 EGFR

hsa04936 Alcoholic liver disease 0,7329186 3,0e-02 TCF7L2

hsa04218 Cellular senescence 2,0481560 3,0e-02
RRAS, PPP3CA, 

SERPINE1

hsa05160 Hepatitis C 1,3654373 3,0e-02 CLDN1, EGFR

hsa05031
Amphetamine 

addiction
1,6076923 3,2e-02 PPP3CA

hsa04140 Autophagy - animal 0,6601121 3,2e-02 RRAS

hsa04630
JAK-STAT signaling 

pathway
0,6229808 3,4e-02 EGFR

hsa04360 Axon guidance 3,0389306 3,4e-02 CXCR4
PPP3CA, EPHA2, 

RHOD, RRAS

hsa05131 Shigellosis 0,9772247 3,5e-02 CTTN, EGFR

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04310
Wnt signaling 

pathway
1,8806967 3,5e-02 TCF7L2 PPP3CA, DKK1

hsa04370
VEGF signaling 

pathway
1,9168639 3,5e-02 PPP3CA

hsa04662
B-cell receptor 

signaling pathway
1,3115385 3,5e-02 PPP3CA

hsa04724 Glutamatergic synapse 1,1075214 3,6e-02 PPP3CA

hsa04668
TNF signaling 

pathway
0,9869002 3,7e-02 VEGFC

hsa00564
Glycerophospholipid 

metabolism
1,1326923 3,9e-02 PLPP2

hsa04666
Fc gamma R-mediated 

phagocytosis
1,1199654 3,9e-02 PLPP2

hsa05167

Kaposi sarcoma-

associated herpesvirus 

infection
1,1457118 3,9e-02 TCF7L2 PPP3CA

hsa04922
Glucagon signaling 

pathway
0,9677371 4,1e-02 PPP3CA

hsa04923
Regulation of lipolysis 

in adipocytes
1,8806967 4,3e-02 ADRB2

hsa05208
Chemical 

carcinogenesis - ROS
0,5246154 4,4e-02 EGFR

hsa05110
Vibrio cholerae 

infection
2,6230769 4,4e-02 TJP1

hsa04728 Dopaminergic synapse 0,8592838 4,5e-02 PPP3CA

hsa04024
cAMP signaling 

pathway
0,9724578 4,7e-02 ADRB2, RRAS

hsa04114 Oocyte meiosis 0,7667456 4,9e-02 PPP3CA

hsa05418
Fluid shear stress and 

atherosclerosis
1,4989011 4,9e-02 PLAT, SDC4

hsa04650
Natural killer cell 

mediated cytotoxicity
1,8123077 4,9e-02 PPP3CA, ULBP2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04022
cGMP-PKG signaling 

pathway
1,3379453 5,0e-02 PPP3CA, ADRB2

hsa05132 Salmonella infection 1,8041072 5,0e-02
TCF7L2, 

CYFIP2
AHNAK2, RRAS

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04512
ECM-receptor 

interaction
5,3050649 7,8e-28

LAMA3, LAMB1, 

LAMB2, LAMC1, 

LAMC2, COL1A2, 

COL4A1, COL4A2, 

COL4A5, TNC, 

FN1, THBS1, 

ITGB1, ITGA6, 

SDC1, SDC4, 

ITGB5, ITGA2, 

AGRN, DSPP

ITGA4

hsa04510 Focal adhesion 3,6610161 1,2e-24

ITGB1, ITGB5, 

ITGA6, ITGA2, 

MYLK, PARVA, 

ACTN1, PTK2, 

CAPN2, COL1A2, 

COL4A1, COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2, 

THBS1, CAV2, 

CCND1, MET, 

PDGFC, VEGFC, 

JUN, EMP2, EMP1

ITGA4, 

CCND2, RAC2, 

VAV1

hsa04151
PI3K-Akt signaling 

pathway
2,2398663 2,1e-19

EPHA2, MET, 

CCND1, EFNA1, 

AREG, PDGFC, 

BDNF, VEGFC, 

GNG12, ITGA6, 

ITGA2, ITGB1, 

ITGB5, COL1A2, 

COL4A1, COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2, 

THBS1, PTK2, 

SGK1, MAGI1

PIK3CG, SYK, 

GNG7, ITGA4, 

IL2RB, MYB, 

PIK3AP1, 

CCND2
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hsa05222
Small cell lung 

cancer
3,8828958 2,3e-18

CCND1, ITGB1, 

ITGA6, ITGA2, 

PTK2, COL4A1, 

COL4A2, COL4A5, 

FN1, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2

E2F2

hsa05165

Human 

papillomavirus 

infection
1,8321237 4,1e-17

CCND1, ITGA6, 

ITGA2, ITGB1, 

ITGB5, COL1A2, 

COL4A1, COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2, 

THBS1, PTK2, 

MAGI1, PRKCZ, 

HES1, FZD6

ITGA4, TNF, 

CCND2, 

MFNG, TCF7L2

hsa04390
Hippo signaling 

pathway
2,7055016 3,6e-16

WWC1, FRMD6, 

YAP1, WWTR1, 

CTNNA1, CCN2, 

AREG, CDH1, 

TEAD4, AJUBA, 

PRKCZ, 

SERPINE1, FZD6, 

CCND1, SNAI2, 

BMP4, ID1

ITGB2, 

TCF7L2, 

CCND2

hsa05146 Amoebiasis 4,2381395 2,2e-14

FN1, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2, 

CXCL1, CXCL2, 

GNA11, COL1A2, 

COL4A1, COL4A2, 

COL4A5, ACTN1, 

COL3A1, PTK2, 

SERPINB6

TNF, ITGB2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04820
Cytoskeleton in 

muscle cells
4,1218433 3,5e-14

SGCE, ITGA6, 

ITGA2, ITGB1, 

ITGB5, DSG2, JUP, 

ATP1B1, LMNA, 

COL1A2, COL3A1, 

FN1, THBS1, 

COL4A1, COL4A2, 

COL4A5, AGRN, 

SDC1, SDC2, 

SDC4, FHL2, 

TPM1

ITGA4

hsa04068
FoxO signaling 

pathway
1,1932802 4,2e-11

PRKAG2, CCND1, 

PLK2, SGK1, 

FBXO32
CCND2, RAG1

hsa04015
Rap1 signaling 

pathway
2,2126653 7,0e-11

EFNA1, PDGFC, 

VEGFC, EPHA2, 

MET, ENAH, 

CDH1, ITGB1, 

ADORA2B, 

MAGI1, PRKD1, 

GNAI1, RRAS, 

ID1, THBS1, 

APBB1IP, 

RAC2, ITGAL, 

ITGB2, VAV1

hsa04933

AGE-RAGE 

signaling pathway in 

diabetic 

complications

3,8744548 7,0e-11

EGR1, EDN1, F3, 

JUN, CCND1, 

COL1A2, COL3A1, 

COL4A1, COL4A2, 

COL4A5, VEGFC, 

SERPINE1, 

PRKCZ, FN1

TNF, STAT5A, 

PLCG2

hsa04062
Chemokine 

signaling pathway
2,0138409 1,3e-10

CXCL1, CXCL2, 

CCL28, PTK2, 

GNAI1, GNG12, 

PRKCZ

CXCR4, CCL3, 

LYN, PLCG2, 

GNG7, VAV1, 

DOCK2, RAC2, 

PREX1, 

PIK3CG

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04662
B-cell receptor 

signaling pathway
3,3106796 6,5e-10 FOS, JUN, PPP3CA

VAV1, PPP3CC, 

RAC2, PLCG2, 

BTK, LYN, 

SYK, PTPN6, 

PIK3AP1

hsa04668
TNF signaling 

pathway
1,6608030 1,7e-09

FOS, JUN, CXCL1, 

CXCL2, EDN1, 

VEGFC
TNF, TNFAIP3

hsa04061

Viral protein 

interaction with 

cytokine and 

cytokine receptor

1,9061489 3,7e-09
CCL28, CXCL1, 

CXCL2, LTBR

CCL3, CXCR4, 

IL2RB, TNF

hsa05205
Proteoglycans in 

cancer
2,8393676 4,4e-09

RRAS, CTTN, 

CCND1, PLAU, 

PTK2, MET, 

TIMP3, THBS1, 

LUM, SDC1, 

COL1A2, ITGA2, 

ITGB1, ITGB5, 

FZD6, SDC2, 

SDC4, FN1, CTSL, 

CAV2

ITPR1, HCLS1, 

VAV1, TNF, 

PLCG2, PTPN6

hsa04520 Adherens junction 3,6151099 6,9e-09

CDH1, CTNNA1, 

YES1, SNAI2, 

MET, PTPRF, 

PTPRM, TJP1, 

ACTN1, NECTIN3, 

NECTIN2, 

ARHGAP29

TCF7L2, 

PTPN6, RAC2

hsa05323 Rheumatoid arthritis 3,4072411 8,0e-09
CTSL, CXCL1, 

CXCL2, FOS, JUN

TNF, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, 

TNFSF13B, 

ITGAL, ITGB2, 

CCL3
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hsa05200 Pathways in cancer 2,0373413 9,1e-09

CDH1, CTNNA1, 

ITGB1, COL4A1, 

COL4A2, COL4A5, 

FN1, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2, 

ITGA6, ITGA2, 

PTK2, FZD6, MET, 

CCND1, JUN, FOS, 

MECOM, CTBP2, 

PPARG, JUP, MITF, 

BMP4, VEGFC, 

GNG12, GNA11, 

GNAI1, HES1, 

NFE2L2, NQO1, 

GSTA4, MGST1, 

IL13RA1, EDN1

STAT5A, 

PLCG2, RAC2, 

TCF7L2, 

CCND2, E2F2, 

GNG7, CXCR4, 

PIM2, CSF2RB, 

IL2RB

hsa05167

Kaposi sarcoma-

associated 

herpesvirus 

infection

2,1690660 9,1e-09

C3, GNG12, 

CXCL1, CXCL2, 

PPP3CA, FOS, 

JUN, CCND1

E2F2, GNG7, 

SYK, PPP3CC, 

ITPR1, PLCG2, 

LYN, PIK3CG, 

PREX1, 

TCF7L2

hsa04611 Platelet activation 2,6653777 1,3e-08

ITGA2, ITGB1, 

MYLK, GNAI1, 

COL1A2, COL3A1, 

PRKCZ

ITPR1, PLCG2, 

APBB1IP, 

PIK3CG, 

FERMT3, LYN, 

BTK, SYK

hsa04310
Wnt signaling 

pathway
1,7143351 1,3e-08

PPP3CA, FZD6, 

CCND1, FOSL1, 

JUN, TLE1, 

CTBP2, DKK1, 

BAMBI

PPP3CC, RAC2, 

CCND2, 

TCF7L2
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hsa05130

Pathogenic 

Escherichia coli 

infection
2,6664048 1,4e-08

CTTN, CLDN4, 

CLDN1, ITGB1, 

TUBB3, TUBB2A, 

FOS, JUN, 

NCKAP1, CYFIP1, 

TJP1, MYO1B, 

MYO1C, MYO6

HCLS1, WIPF1, 

CASP1, TNF, 

PTPN6, 

CYFIP2, 

MYO1F, 

MYO1G

hsa04380
Osteoclast 

differentiation
2,8745955 3,5e-08

TNFRSF11B, FOS, 

JUN, FOSL1, 

PPP3CA, MITF, 

FHL2, PPARG

BTK, SYK, 

PLCG2, 

PPP3CC, TNF, 

CYBA, NCF2, 

NCF4, ITPR1

hsa05417
Lipid and 

atherosclerosis
2,0857859 4,8e-08

FOS, JUN, 

NFE2L2, CXCL1, 

CXCL2, PPP3CA, 

HSPA2, PTK2, 

PPARG

CASP1, CYBA, 

NCF2, NCF4, 

CCL3, TNF, 

PPP3CC, LYN, 

VAV1, ITPR1

hsa04658
Th1 and Th2 cell 

differentiation
2,7134590 5,9e-08 PPP3CA, JUN, FOS

PPP3CC, CD3D, 

IL2RB, 

STAT5A, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, RUNX3

hsa05140 Leishmaniasis 4,4476807 6,5e-08
ITGB1, C3, FOS, 

JUN

ITGA4, ITGB2, 

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF, PTPN6, 

CYBA, NCF2, 

NCF4

hsa04810
Regulation of actin 

cytoskeleton
2,2978233 7,1e-08

NCKAP1, CYFIP1, 

CFL2, GSN, 

ACTN1, MYLK, 

ENAH, GNG12, 

PTK2, ITGA6, 

ITGA2, ITGB1, 

ITGB5, FN1, 

RRAS, PDGFC

CYFIP2, RAC2, 

IQGAP2, VAV1, 

ITGA4, ITGAL, 

ITGB2, CXCR4

ID Term Description
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hsa05226 Gastric cancer 1,2067705 9,8e-08

CCND1, FZD6, 

MET, CDH1, 

CTNNA1, JUP
TCF7L2, E2F2

hsa04664
Fc epsilon RI 

signaling pathway
2,3673139 1,0e-07

TNF, BTK, 

SYK, LYN, 

PLCG2, RAC2, 

VAV1

hsa04659
Th17 cell 

differentiation
2,2836041 1,0e-07

PPP3CA, JUN, 

FOS, AHR

PPP3CC, 

IL2RB, 

STAT5A, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CD3D

hsa05145 Toxoplasmosis 2,8393676 1,1e-07

GNAI1, ITGA6, 

ITGB1, LAMA3, 

LAMB1, LAMB2, 

LAMC1, LAMC2

TNF, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, PIK3CG

hsa04670

Leukocyte 

transendothelial 

migration
3,3627343 1,1e-07

CLDN4, CLDN1, 

ITGB1, PTK2, 

CTNNA1, GNAI1, 

ACTN1

ITGB2, ITGAL, 

ITGA4, CYBA, 

NCF2, NCF4, 

VAV1, RAC2, 

CXCR4, PLCG2

hsa04360 Axon guidance 2,4291775 1,2e-07

GNAI1, PPP3CA, 

PTK2, ITGB1, 

EPHA2, EFNA1, 

MET, SEMA3A, 

SEMA3C, RHOD, 

CFL2, RRAS, 

PRKCZ, ENAH

CXCR4, RAC2, 

PPP3CC, FES, 

PLCG2

hsa05166

Human T-cell 

leukemia virus 1 

infection
2,0857859 1,5e-07

PPP3CA, LTBR, 

JUN, CCND1, FOS, 

EGR1, FOSL1

ITGAL, ITGB2, 

PPP3CC, 

IL2RB, 

STAT5A, 

CCND2, CD3D, 

E2F2, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, TNF
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hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
3,1595070 2,1e-07

LMNA, DSG2, JUP, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

CTNNA1, SGCE

ITGA4, TCF7L2

hsa04974
Protein digestion 

and absorption
3,5944521 2,7e-07

ATP1B1, COL1A2, 

COL3A1, COL4A1, 

COL4A2, COL4A5

hsa05170

Human 

immunodeficiency 

virus 1 infection
1,9478133 3,3e-07

GNG12, PPP3CA, 

GNA11, GNAI1, 

PTK2, FOS, JUN, 

CFL2, AP1M2

GNG7, 

PPP3CC, TNF, 

CXCR4, ITPR1, 

PLCG2, RAC2, 

CD3D

hsa04915
Estrogen signaling 

pathway
1,2030612 3,8e-07

FOS, JUN, GNAI1, 

KRT15, KRT18, 

KRT19
ITPR1

hsa05418
Fluid shear stress 

and atherosclerosis
3,1530282 4,1e-07

FOS, JUN, 

NFE2L2, NQO1, 

BMP4, PRKCZ, 

GSTA4, MGST1, 

PLAT, CTSL, 

EDN1, PTK2, 

CAV2, SDC1, 

SDC2, SDC4

CYBA, NCF2, 

RAC2, TNF

hsa04371
Apelin signaling 

pathway
2,3297375 4,6e-07

PRKAG2, 

SERPINE1, 

GNAI1, GNG12, 

RRAS, CCN2, 

MYLK, CCND1, 

EGR1, PLAT, 

CDH1

GNG7, 

PIK3CG, ITPR1

hsa04657
IL-17 signaling 

pathway
1,7267466 4,6e-07

FOS, JUN, FOSL1, 

CXCL1, CXCL2
TNFAIP3, TNF

hsa05100
Bacterial invasion of 

epithelial cells
2,6209547 7,5e-07

CTNNA1, CDH1, 

CTTN, ITGB1, 

PTK2, MET, FN1, 

CAV2

HCLS1

ID Term Description
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hsa05163

Human 

cytomegalovirus 

infection
1,4604325 8,7e-07

GNG12, PPP3CA, 

GNA11, GNAI1, 

CCND1, PTK2

TNF, GNG7, 

PPP3CC, 

ITPR1, CCL3, 

RAC2, CXCR4, 

E2F2

hsa04612
Antigen processing 

and presentation
3,5538369 9,2e-07

CTSB, CTSL, 

LGMN, HSPA2

CD74, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CTSS, 

TNF

hsa04630
JAK-STAT signaling 

pathway
0,9173341 9,8e-07 IL13RA1, CCND1

STAT5A, 

IL2RB, CCND2, 

PTPN6, 

CSF2RB

hsa05213 Endometrial cancer 1,5531583 1,3e-06
CTNNA1, CDH1, 

CCND1
TCF7L2

hsa04530 Tight junction 1,8462071 1,6e-06

TJP1, PRKCZ, 

MAGI1, ACTN1, 

MICALL2, RAB13, 

CLDN4, CLDN1, 

PRKAG2, JUN, 

CCND1, CTTN, 

ITGB1

HCLS1

hsa05162 Measles 1,3419288 1,6e-06 CCND1, FOS, JUN

IL2RB, CD3D, 

STAT5A, 

TNFAIP3, 

CCND2

hsa04926
Relaxin signaling 

pathway
2,3099940 1,6e-06

GNG12, PRKCZ, 

EDN1, GNAI1, 

VEGFC, COL1A2, 

COL3A1, COL4A1, 

COL4A2, COL4A5, 

FOS, JUN

GNG7

hsa05133 Pertussis 3,6465457 2,3e-06

ITGB1, GNAI1, 

CFL2, C1R, C1S, 

C3, FOS, JUN

ITGB2, TNF, 

IRF8, CASP1
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hsa04650

Natural killer cell 

mediated 

cytotoxicity
2,4779935 2,3e-06 PPP3CA

PPP3CC, 

PLCG2, TNF, 

LAT2, SYK, 

PTPN6, CD48, 

ICAM2, RAC2, 

VAV1, ITGB2, 

ITGAL

hsa04917
Prolactin signaling 

pathway
1,2707659 2,7e-06 CCND1, FOS

STAT5A, 

CCND2

hsa04014
Ras signaling 

pathway
1,1436893 4,9e-06

RRAS, EFNA1, 

PDGFC, BDNF, 

VEGFC, EPHA2, 

MET, GNG12

RAC2, 

RASAL3, 

GNG7, PLCG2

hsa04060
Cytokine-cytokine 

receptor interaction
1,3201846 5,1e-06

INHBB, LTBR, 

IL13RA1, 

TNFRSF12A, 

TNFRSF11B, 

CXCL1, CXCL2, 

CCL28, GDF15, 

BMP4

IL2RB, 

CSF2RB, 

TNFSF13B, 

CD70, CXCR4, 

TNF, CCL3

hsa04921
Oxytocin signaling 

pathway
1,6128952 5,2e-06

MYLK, PRKAG2, 

PPP3CA, JUN, 

FOS, CCND1, 

GNAI1

ITPR1, 

PPP3CC, 

PIK3CG

hsa04010
MAPK signaling 

pathway
1,4920791 6,0e-06

RRAS, GNG12, 

EPHA2, MET, 

MECOM, FOS, 

JUN, PPP3CA, 

EFNA1, AREG, 

PDGFC, BDNF, 

VEGFC

DUSP2, PTPN7, 

TNF, RAC2, 

PPP3CC, 

MAP4K1

hsa04713
Circadian 

entrainment
1,2785145 6,2e-06

GNG12, GNAI1, 

FOS
GNG7, ITPR1

hsa04725 Cholinergic synapse 1,9734247 6,2e-06
GNA11, GNAI1, 

GNG12, FOS

ITPR1, CHAT, 

GNG7, PIK3CG
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hsa04613

Neutrophil 

extracellular trap 

formation
1,9595923 1,1e-05 C3

SYK, PLCG2, 

CASP1, ITGB2, 

CYBA, NCF2, 

RAC2, NCF4, 

ITGAL

hsa04064
NF-κB signaling 

pathway
2,6510806 1,1e-05

LTBR, PLAU, 

CXCL1, CXCL2

TNF, 

TNFSF13B, 

TNFAIP3, 

PLCG2, SYK, 

LYN, BTK

hsa05216 Thyroid cancer 2,4667809 1,2e-05
PPARG, CDH1, 

CCND1
TCF7L2

hsa05221
Acute myeloid 

leukemia
1,7473031 1,2e-05 JUP, CCND1

STAT5A, 

TCF7L2, PIM2

hsa05410
Hypertrophic 

cardiomyopathy
2,6209547 1,2e-05

ITGA6, ITGA2, 

ITGB1, ITGB5, 

LMNA, TPM1, 

PRKAG2, EDN1, 

SGCE

ITGA4, TNF

hsa04020
Calcium signaling 

pathway
1,1385143 1,3e-05

PPP3CA, MET, 

GNA11, MYLK, 

ADORA2B, ASPH, 

PDGFC, VEGFC

PPP3CC, 

PLCG2, ITPR1, 

CXCR4

hsa04012
ErbB signaling 

pathway
1,4167323 1,3e-05 PTK2, JUN, AREG

STAT5A, 

PLCG2

hsa04625

C-type lectin 

receptor signaling 

pathway
1,9864078 1,3e-05

RRAS, PPP3CA, 

JUN

SYK, CASP1, 

PLCG2, 

PPP3CC, 

hsa04922
Glucagon signaling 

pathway
1,0178465 1,3e-05

PYGL, PPP3CA, 

PRKAG2
PPP3CC, ITPR1

hsa05224 Breast cancer 1,0483819 1,3e-05
FOS, JUN, CCND1, 

FZD6, HES1
TCF7L2, E2F2

hsa05210 Colorectal cancer 1,6338419 1,4e-05
CCND1, JUN, FOS, 

AREG
RAC2, TCF7L2

hsa04666

Fc gamma R-

mediated 

phagocytosis
2,8270972 1,4e-05

CFL2, ASAP2, 

MARCKS, GSN, 

PLPP2, PLPP3

LYN, SYK, 

PTPRC, PLCG2, 

VAV1, RAC2
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hsa05414
Dilated 

cardiomyopathy
2,0291262 1,4e-05

ITGA6, ITGA2, 

ITGB1, ITGB5, 

LMNA, TPM1, 

SGCE

ITGA4, TNF

hsa04066
HIF-1 signaling 

pathway
1,0483819 1,5e-05

HK1, SERPINE1, 

EDN1, LTBR
PLCG2

hsa04660
T-cell receptor 

signaling pathway
1,6267995 1,6e-05 FOS, JUN, PPP3CA

TNF, PPP3CC, 

VAV1, CD3D, 

PTPRC, PTPN6

hsa00564
Glycerophospholipi

d metabolism
1,1913430 1,8e-05

PLPP2, PLPP3, 

MBOAT2, CDS1
CHAT

hsa05142 Chagas disease 1,9454509 1,9e-05

C3, FOS, JUN, 

SERPINE1, 

GNAI1, GNA11

TNF, CCL3, 

CD3D

hsa04971
Gastric acid 

secretion
1,4460440 2,0e-05

ATP1B1, GNAI1, 

MYLK
ITPR1

hsa04728
Dopaminergic 

synapse
1,2652885 2,0e-05

GNAI1, GNG12, 

FOS, PPP3CA

ITPR1, GNG7, 

PPP3CC

hsa04514
Cell adhesion 

molecules
3,3019902 2,0e-05

ITGB1, ITGA6, 

NECTIN2, CDH1, 

NECTIN3, PTPRM, 

SDC1, SDC2, 

SDC4, PTPRF, 

CLDN4, CLDN1

PTPRC, ITGB2, 

ITGAL, ITGA4, 

ICAM2, HLA-

DMA, HLA-

DPB1, HLA-

DQB1

hsa05135 Yersinia infection 1,8305080 2,3e-05
ITGB1, FN1, PTK2, 

FOS, JUN

WIPF1, CASP1, 

ITGA4, VAV1, 

TNF, RAC2

hsa04814 Motor proteins 1,8500857 3,0e-05

DYNLL1, TUBB3, 

TUBB2A, MYO1B, 

MYO1C, MYO6, 

TPM1

MYO1F, 

MYO1G

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

￼162

Table 12. pathfindR pathway enrichment analysis for 5-FU utilizing the gene features 
of the pan-drug model trained with DNA replication inhibitors (Strategy 1) 
(continued) 



hsa05169
Epstein-Barr virus 

infection
1,9913399 4,0e-05

JUN, HES1, 

CCND1

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

ITGAL, 

TNFAIP3, LYN, 

SYK, PLCG2, 

RUNX3, E2F2, 

CCND2, BTK, 

TNF, CD3D

hsa04924 Renin secretion 2,1323021 4,4e-05
GNAI1, CTSB, 

PPP3CA, EDN1
ITPR1, PPP3CC

hsa04022
cGMP-PKG 

signaling pathway
1,1257792 4,4e-05

GNA11, PPP3CA, 

ATP1B1, MYLK, 

GNAI1

ITPR1, 

PPP3CC, 

PIK3CG

hsa04720
Long-term 

potentiation
1,0311953 4,4e-05 PPP3CA PPP3CC, ITPR1

hsa04724
Glutamatergic 

synapse
1,3978425 4,9e-05

GNAI1, GNG12, 

PPP3CA

ITPR1, GNG7, 

PPP3CC

hsa04726 Serotonergic 1,2942986 6,8e-05 GNAI1, GNG12, ITPR1, GNG7

hsa05415
Diabetic 

cardiomyopathy
0,8435256 8,1e-05

COL1A2, COL3A1, 

PRKCZ

CYBA, NCF2, 

RAC2, NCF4

hsa04210 Apoptosis 1,9220334 8,4e-05

CAPN2, LMNA, 

JUN, FOS, CTSB, 

CTSL, CTSV

CSF2RB, TNF, 

CTSS, ITPR1

hsa04072
Phospholipase D 

signaling pathway
1,0559242 8,8e-05

RRAS, PLPP2, 

PLPP3, PDGFC

PLCG2, 

PIK3CG, SYK

hsa05152 Tuberculosis 1,4063659 9,2e-05 PPP3CA, C3

PPP3CC, 

ITGB2, TNF, 

CD74, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CTSS, 

SYK

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,1584330 9,9e-05

FOS, JUN, AHR, 

GSTA4, MGST1, 

CCND1, KLF5, 

KLF4, GNAI1

STAT5A
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hsa05416 Viral myocarditis 3,2890412 1,0e-04 CCND1, SGCE

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

ITGAL, ITGB2, 

RAC2

hsa04370
VEGF signaling 

pathway
2,0161190 1,1e-04 PPP3CA, PTK2

PLCG2, 

PPP3CC, RAC2

hsa04621
NOD-like receptor 

signaling pathway
1,7595220 1,4e-04

JUN, CTSB, 

CXCL1, CXCL2

CASP1, 

CARD8, AIM2, 

ITPR1, CYBA, 

IFI16, 

TNFAIP3, TNF

hsa05225
Hepatocellular 

carcinoma
1,3440793 1,5e-04

CCND1, FZD6, 

MET, NFE2L2, 

NQO1, GSTA4, 

MGST1

TCF7L2, E2F2, 

PLCG2

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

2,5035985 1,5e-04
JUN, CXCL1, 

CXCL2, MET, TJP1

PLCG2, CSK, 

LYN

hsa05321
Inflammatory bowel 

disease
1,8075550 1,6e-04 JUN

TNF, HLA-

DMA, HLA-

DPB1, HLA-

DQB1

hsa05020 Prion disease 1,1851273 2,0e-04

LAMC1, EGR1, 

TUBB3, TUBB2A, 

PPP3CA, CAV2

ITPR1, 

PPP3CC, TNF, 

CYBA, NCF2, 

RAC2, NCF4

hsa01522 Endocrine resistance 1,1779572 2,0e-04
CCND1, JUN, FOS, 

PTK2
E2F2

hsa04723

Retrograde 

endocannabinoid 

signaling
0,9890395 2,0e-04

GNAI1, GNG12, 

MGLL
ITPR1, GNG7

hsa04935

Growth hormone 

synthesis, secretion 

and action
1,3717146 2,0e-04

GNA11, FOS, 

PTK2, GNAI1

ITPR1, PLCG2, 

STAT5A

hsa04142 Lysosome 1,6553398 2,5e-04
CTSB, CTSL, 

CTSV, LGMN, 
CTSS

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

￼164

Table 12. pathfindR pathway enrichment analysis for 5-FU utilizing the gene features 
of the pan-drug model trained with DNA replication inhibitors (Strategy 1) 
(continued) 



hsa04024
cAMP signaling 

pathway
1,0228116 2,8e-04

ATP1B1, GNAI1, 

SOX9, RRAS, 

BDNF, FOS, JUN, 

EDN1

VAV1, RAC2

hsa04620
Toll-like receptor 

signaling pathway
0,8646448 2,9e-04 FOS, JUN TNF, CCL3

hsa05134 Legionellosis 2,6767197 2,9e-04
C3, CXCL1, 

CXCL2

CASP1, ITGB2, 

TNF

hsa04115
p53 signaling 

pathway
1,4976884 3,0e-04

SFN, THBS1, 

SERPINE1, 

CCND1
CCND2

hsa00983
Drug metabolism - 

other enzymes
0,8986130 3,0e-04

UPP1, GSTA4, 

MGST1

hsa01521
EGFR TKI 

resistance
1,4976884 3,2e-04

MET, PDGFC, 

GAS6, AXL
PLCG2

hsa05310 Asthma 3,8122977 3,3e-04

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF

hsa05144 Malaria 3,5798406 3,9e-04
SDC1, SDC2, MET, 

THBS1

TNF, ITGAL, 

ITGB2

hsa04727 GABAergic synapse 0,9828580 4,4e-04 GNAI1, GNG12 GNG7

hsa04916 Melanogenesis 1,1152999 4,9e-04
MITF, GNAI1, 

FZD6, EDN1
TCF7L2

hsa05132 Salmonella infection 1,8026476 5,1e-04

FOS, JUN, 

NCKAP1, CYFIP1, 

MYO6, SNX9, 

AHNAK2, 

AHNAK, RRAS, 

ANXA2, DYNLL1, 

TUBB3, TUBB2A

TNF, CASP1, 

TCF7L2, 

CYFIP2, 

PIK3CG, 

PTPRC

hsa04392

Hippo signaling 

pathway - multiple 

species
5,9907536 5,3e-04

WWC1, FRMD6, 

YAP1, WWTR1, 

TEAD4, RASSF4, 

AJUBA

RASSF2

hsa04114 Oocyte meiosis 0,6451581 5,3e-04 PPP3CA
FBXO43, 

ITPR1, PPP3CC
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hsa05330 Allograft rejection 3,1063167 5,4e-04

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF

hsa05332
Graft-versus-host 

disease
2,9953768 5,6e-04

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF

hsa04940
Type I diabetes 

mellitus
2,8920879 5,9e-04

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF

hsa05032 Morphine addiction 1,1489116 7,0e-04 GNAI1, GNG12 GNG7, PDE7A

hsa05203 Viral carcinogenesis 1,5417381 7,2e-04

JUN, CCND1, 

GSN, ACTN1, C3, 

LTBR

STAT5A, LYN, 

SYK, CCND2

hsa04936
Alcoholic liver 

disease
1,0792166 7,7e-04

PRKAG2, CCND1, 

C3, CXCL1, 

CXCL2
TNF, TCF7L2

hsa04218 Cellular senescence 1,2925256 7,8e-04

RRAS, CCND1, 

CAPN2, PPP3CA, 

SERPINE1

CCND2, E2F2, 

PPP3CC, ITPR1

hsa04928

Parathyroid 

hormone synthesis, 

secretion and action
1,1981507 9,5e-04

GNA11, GNAI1, 

FOS, EGR1, SGK1
ITPR1

hsa04071
Sphingolipid 

signaling pathway
0,7765792 1,1e-03 GNAI1, PRKCZ TNF, RAC2

hsa04672

Intestinal immune 

network for IgA 

production
4,5335433 1,1e-03 CCL28, LTBR

TNFSF13B, 

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

ITGA4, CXCR4

hsa05208

Chemical 

carcinogenesis - 

ROS
1,3242718 1,4e-03

MET, NQO1, 

PRKD1, PTK2, 

FOS, JUN, 

NFE2L2, AHR, 

GSTA4, MGST1

CYBA, NCF2

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

￼166

Table 12. pathfindR pathway enrichment analysis for 5-FU utilizing the gene features 
of the pan-drug model trained with DNA replication inhibitors (Strategy 1) 
(continued) 



hsa05031
Amphetamine 

addiction
1,3527508 1,5e-03 PPP3CA, FOS, JUN PPP3CC

hsa05131 Shigellosis 1,6445206 1,5e-03

JUN, C3, WIPI1, 

CTTN, ITGB1, 

PTK2, ACTN1, 

CAPN2, HK1

TNF, TIFA, 

CASP1, FNBP1, 

HCLS1, ITPR1, 

PLCG2

hsa05320
Autoimmune 

thyroid disease
1,4976884 1,5e-03

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1

hsa04934 Cushing syndrome 1,4082742 1,7e-03

GNA11, FZD6, 

GNAI1, CCND1, 

AHR, MEN1

ITPR1, TCF7L2, 

E2F2

hsa04145 Phagosome 2,9704153 1,7e-03

C1R, ITGB1, 

ITGB5, ITGA2, 

TUBB3, TUBB2A, 

C3, THBS1, CTSL

ITGB2, CYBA, 

NCF4, NCF2, 

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

CTSS

hsa05223 NSCLC 1,6380967 2,2e-03 CCND1, MET
E2F2, PLCG2, 

STAT5A

hsa05034 Alcoholism 0,9707240 2,3e-03
BDNF, GNAI1, 

GNG12, 
GNG7

hsa00565 Ether lipid 0,9116364 2,4e-03 PLPP2, PLPP3

hsa04960
Aldosterone-

regulated sodium 
2,0967638 2,4e-03

ATP1B1, SGK1, 

SFN

hsa04148 Efferocytosis 1,8500857 2,4e-03

GULP1, ITGB5, 

AXL, PTK2, GAS6, 

THBS1, PPARG, 

ADAM9, SGK1

DUSP2, PTPN6, 

CASP1

hsa05171
Coronavirus disease 

- COVID-19
1,3875642 2,4e-03

FOS, JUN, C1R, 

C1S, C3

TNF, SYK, 

PLCG2, CASP1

hsa05322
Systemic lupus 

erythematosus
3,3548220 2,5e-03

C3, C1S, C1R, 

ACTN1

TNF, HLA-

DMA, HLA-

DPB1, HLA-

hsa05220
Chronic myeloid 

leukemia
1,4560859 2,5e-03

MECOM, CTBP2, 

CCND1
STAT5A, E2F2

ID Term Description
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hsa05161 Hepatitis B 0,6942926 2,5e-03 FOS, JUN
TNF, STAT5A, 

E2F2

hsa05164 Influenza A 0,7488442 2,8e-03

CASP1, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa05235

PD-L1 expression 

and PD-1 

checkpoint pathway 
2,0456232 2,8e-03 FOS, JUN, PPP3CA

PPP3CC, CD3D, 

PTPN6, BATF, 

BATF3

hsa00860
Porphyrin 

metabolism
1,7473031 3,1e-03

BLVRA, BLVRB, 

FTH1

hsa04750

Inflammatory 

mediator regulation 

of TRP channels
0,4820147 3,1e-03 PLCG2, ITPR1

hsa05204

Chemical 

carcinogenesis - 

DNA adducts
0,8387055 3,1e-03 GSTA4, MGST1

hsa00830 Retinol metabolism 0,8064476 3,1e-03
ALDH1A1, 

ALDH1A3

hsa05030 Cocaine addiction 1,3383598 3,2e-03 GNAI1, JUN, 

hsa00982
Drug metabolism - 

cytochrome P450
0,7230220 3,2e-03 GSTA4, MGST1

hsa00980

Metabolism of 

xenobiotics by 

cytochrome P450
0,6763754 3,2e-03 GSTA4, MGST1

hsa04070
Phosphatidylinositol 

signaling system
0,6837273 3,4e-03 CDS1 PLCG2, ITPR1

hsa05150
Staphylococcus 

aureus infection
3,1168110 3,4e-03

C3, C1S, C1R, 

KRT15, KRT18, 

KRT19

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

ITGB2, ITGAL

hsa05217 Basal cell carcinoma 1,0145631 3,5e-03 BMP4, FZD6 TCF7L2

hsa00561
Glycerolipid 

metabolism
1,8392665 3,7e-03

PLPP2, PLPP3, 

MBOAT2, MGLL
LPL

hsa04930
Type II diabetes 

mellitus
1,6553398 4,3e-03 PRKCZ, HK1 TNF

ID Term Description
Fold 
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hsa05231
Choline metabolism 

in cancer
1,4135486 4,3e-03

PDGFC, PLPP2, 

PLPP3, FOS, JUN
RAC2

hsa05218 Melanoma 1,7972261 4,4e-03

CDH1, CCND1, 

MITF, MET, 

PDGFC
E2F2

hsa04640
Hematopoietic cell 

lineage
1,9969179 5,1e-03 ITGA6, ITGA2

ITGA4, CD3D, 

HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

TNF

hsa04931 Insulin resistance 1,0697774 5,2e-03
PTPRF, PRKCZ, 

PYGL, PRKAG2
TNF

hsa05202

Transcriptional 

misregulation in 

cancer
2,1758869 5,3e-03

PPARG, MET, 

PLAU, JUP, PTK2, 

MEN1, PLAT, 

MITF

IL2RB, CCND2, 

LYL1

hsa00562
Inositol phosphate 

metabolism
0,5990754 5,4e-03

PLCG2, 

PIK3CG

hsa04270
Vascular smooth 

muscle contraction
1,2438429 6,2e-03

MYLK, GNA11, 

CALD1, 

ADORA2B, EDN1, 

ADM

ITPR1

hsa05215 Prostate cancer 1,4460440 6,3e-03
CCND1, PDGFC, 

PLAU, PLAT
TCF7L2, E2F2

hsa04918
Thyroid hormone 

synthesis
1,3312786 6,5e-03

ATP1B1, GPX2, 

GPX8
ITPR1

hsa04110 Cell cycle 0,8960529 6,6e-03
SFN, CCND1, 

STAG1
CCND2, E2F2

hsa05010 Alzheimer disease 0,8544805 7,5e-03

BACE2, APP, 

CAPN2, PPP3CA, 

WIPI1, TUBB3, 

TUBB2A, FZD6, 

DKK1

TNF, ITPR1, 

PPP3CC, LPL

hsa04932
Non-alcoholic fatty 

liver disease
0,7596970 7,7e-03

PRKAG2, FOS, 

JUN, PPARG
TNF

hsa04970 Salivary secretion 0,6166952 7,7e-03 ATP1B1 ITPR1

ID Term Description
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hsa04910
Insulin signaling 

pathway
0,8064476 9,1e-03

PTPRF, PRKAG2, 

PYGL, HK1, 

PRKCZ

hsa04540 Gap junction 1,9312298 1,0e-02

GNAI1, TJP1, 

TUBB3, TUBB2A, 

PDGFC, GNA11
ITPR1

hsa04610

Complement and 

coagulation 

cascades
2,6958391 1,1e-02

F3, SERPINE1, 

SERPINE2, PLAU, 

PLAT, C3, C1R, 

C1S

ITGB2

hsa05212 Pancreatic cancer 0,8986130 1,1e-02 CCND1 RAC2, E2F2

hsa04925
Aldosterone 

synthesis and 
1,0483819 1,1e-02

GNA11, PRKD1, 

ATP1B1
ITPR1

hsa04912
GnRH signaling 

pathway
0,9984589 1,2e-02

GNA11, JUN, 

EGR1
ITPR1

hsa05219 Bladder cancer 2,2667716 1,3e-02
THBS1, CDH1, 

CCND1
E2F2

hsa01523 Antifolate resistance 0,9984589 1,5e-02 TNF

hsa05022

Pathways of 

neurodegeneration - 

multiple diseases
0,8202499 1,7e-02

TUBB3, TUBB2A, 

PPP3CA, PINK1, 

WIPI1, BDNF, 

GPX2, GPX8, 

CAPN2, FZD6, 

DKK1, APP

ITPR1, 

PPP3CC, 

RAB39B, TNF

hsa04213

Longevity 

regulating pathway - 

multiple species
0,3956158 2,2e-02 PRKAG2

hsa04340
Hedgehog signaling 

pathway
0,7624595 2,3e-02 CCND1 CCND2

hsa05110
Vibrio cholerae 

infection
1,1035599 2,4e-02 TJP1 PLCG2

hsa04929 GnRH secretion 1,0483819 2,6e-02 GNA11 ITPR1

hsa05211 Renal cell 0,6552387 2,9e-02 MET, JUN

hsa04920
Adipocytokine 

signaling pathway
0,9530744 3,0e-02 PRKAG2 ACSL5, TNF

ID Term Description
Fold 
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hsa05014
Amyotrophic lateral 

sclerosis
0,8356667 3,1e-02

GPX2, GPX8, 

PPP3CA, PINK1, 

TUBB3, TUBB2A, 

WIPI1

TNF, CASP1, 

PPP3CC, 

RAB39B

hsa05214 Glioma 0,8986130 3,4e-02 CCND1 E2F2, PLCG2

hsa05206
MicroRNAs in 

cancer
0,9603498 3,4e-02

TPM1, MET, 

CCND1, TIMP3, 

MARCKS, TNC, 

PLAU, EFNA1, 

THBS1

CCND2, E2F2, 

PLCG2

hsa05160 Hepatitis C 0,8616837 3,4e-02
CLDN4, CLDN1, 

IFIT1, CCND1
TNF, E2F2

hsa04962
Vasopressin-

regulated water 
1,0228116 3,4e-02 DYNLL1 ARHGDIB

hsa04261
Adrenergic 

signaling in 
0,6212633 3,4e-02

TPM1, ATP1B1, 

GNAI1
PIK3CG

hsa04730 Long-term 1,6445206 3,6e-02 GNA11, GNAI1 LYN, ITPR1

hsa04137 Mitophagy - animal 0,9116364 3,7e-02
PINK1, RRAS, 

JUN, MITF

hsa04211
Longevity 

regulating pathway
0,5114058 3,8e-02 PRKAG2, PPARG

hsa04927
Cortisol synthesis 

and secretion
0,8064476 3,9e-02 GNA11 ITPR1

hsa04919
Thyroid hormone 

signaling pathway
0,7765792 3,9e-02

ATP1B1, BMP4, 

CCND1
PLCG2

hsa04975
Fat digestion and 

absorption
1,3104773 4,2e-02 PLPP2, PLPP3

hsa04152
AMPK signaling 

pathway
0,5566629 4,7e-02

PRKAG2, PPARG, 

CCND1

hsa04961

Endocrine and other 

factor-regulated 

calcium 
0,8387055 4,8e-02 ATP1B1 KLK1

hsa04923
Regulation of 

lipolysis in 
0,7912316 4,9e-02 MGLL, GNAI1

hsa04722
Neurotrophin 

signaling pathway
0,9530744 5,0e-02

BDNF, JUN, 

MAGED1

PLCG2, 

ARHGDIB

ID Term Description
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Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04512
ECM-receptor 

interaction
5,4642169 2,7e-28

LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

COL1A2, 

COL4A1, 

COL4A2, 

COL4A5, 

TNC, FN1, 

THBS1, 

ITGB1, 

ITGA6, SDC1, 

SDC4, ITGB5, 

ITGA2, 

AGRN, DSPP

ITGA4

hsa04510 Focal adhesion 3,7708466 3,3e-25

ITGB1, 

ITGB5, 

ITGA6, 

ITGA2, 

MYLK, 

PARVA, 

ACTN1, PTK2, 

CAPN2, 

COL1A2, 

COL4A1, 

COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

THBS1, CAV2, 

CCND1, MET, 

PDGFC, 

VEGFC, JUN, 

EMP2, EMP1

ITGA4, CCND2, 

RAC2, VAV1
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hsa04151

PI3K-Akt 

signaling 

pathway
2,3070623 6,0e-20

EPHA2, MET, 

CCND1, 

EFNA1, 

AREG, 

PDGFC, 

BDNF, 

VEGFC, 

GNG12, 

ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, 

COL1A2, 

COL4A1, 

COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

THBS1, PTK2, 

SGK1, MAGI1

PIK3CG, SYK, 

GNG7, ITGA4, 

IL2RB, MYB, 

PIK3AP1, 

CCND2

hsa05222
Small cell lung 

cancer
3,9993827 1,1e-18

CCND1, 

ITGB1, 

ITGA6, 

ITGA2, PTK2, 

COL4A1, 

COL4A2, 

COL4A5, FN1, 

LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2

E2F2

ID
Term 
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hsa05165

Human 

papillomavirus 

infection
1,8870874 1,5e-17

CCND1, 

ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, 

COL1A2, 

COL4A1, 

COL4A2, 

COL4A5, FN1, 

TNC, LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

THBS1, PTK2, 

MAGI1, 

PRKCZ, HES1, 

FZD6

ITGA4, TNF, 

CCND2, MFNG, 

TCF7L2

hsa04390
Hippo signaling 

pathway
2,7866667 3,6e-16

WWC1, 

FRMD6, 

YAP1, 

WWTR1, 

CTNNA1, 

CCN2, AREG, 

CDH1, 

TEAD4, 

AJUBA, 

PRKCZ, 

SERPINE1, 

FZD6, 

CCND1, 

SNAI2, BMP4, 

ID1

ITGB2, TCF7L2, 

CCND2

ID
Term 
Description
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Enrichment
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hsa04820
Cytoskeleton in 

muscle cells
4,2454986 1,9e-14

SGCE, ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, DSG2, 

JUP, ATP1B1, 

LMNA, 

COL1A2, 

COL3A1, FN1, 

THBS1, 

COL4A1, 

COL4A2, 

COL4A5, 

AGRN, SDC1, 

SDC2, SDC4, 

FHL2, TPM1

ITGA4

hsa05146 Amoebiasis 4,3652837 2,2e-14

FN1, LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

CXCL1, 

CXCL2, 

GNA11, 

COL1A2, 

COL4A1, 

COL4A2, 

COL4A5, 

ACTN1, 

COL3A1, 

PTK2, 

SERPINB6

TNF, ITGB2

hsa04068
FoxO signaling 

pathway
1,2290786 4,2e-11

PRKAG2, 

CCND1, 

PLK2, SGK1, 

FBXO32

CCND2, RAG1

ID
Term 
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hsa04015
Rap1 signaling 

pathway
2,2790452 7,0e-11

EFNA1, 

PDGFC, 

VEGFC, 

EPHA2, MET, 

ENAH, CDH1, 

ITGB1, 

ADORA2B, 

MAGI1, 

PRKD1, 

GNAI1, RRAS, 

ID1, THBS1, 

PRKCZ

APBB1IP, RAC2, 

ITGAL, ITGB2, 

VAV1

hsa04933

AGE-RAGE 

signaling 

pathway in 

diabetic 

complications

3,9906884 7,0e-11

EGR1, EDN1, 

F3, JUN, 

CCND1, 

COL1A2, 

COL3A1, 

COL4A1, 

COL4A2, 

COL4A5, 

VEGFC, 

SERPINE1, 

PRKCZ, FN1

TNF, STAT5A, 

PLCG2

hsa04062

Chemokine 

signaling 

pathway
1,8302260 1,3e-10

CXCL1, 

CXCL2, 

CCL28, PTK2, 

GNAI1, 

GNG12, 

PRKCZ

CXCR4, CCL3, 

PLCG2, GNG7, 

VAV1, DOCK2, 

RAC2, PIK3CG

hsa04668
TNF signaling 

pathway
1,7106271 1,7e-09

FOS, JUN, 

CXCL1, 

CXCL2, 

EDN1, VEGFC

TNF, TNFAIP3

ID
Term 
Description

Fold 
Enrichment
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hsa05205
Proteoglycans in 

cancer
2,9245486 2,7e-09

RRAS, CTTN, 

CCND1, 

PLAU, PTK2, 

MET, TIMP3, 

THBS1, LUM, 

SDC1, 

COL1A2, 

ITGA2, 

ITGB1, 

ITGB5, FZD6, 

SDC2, SDC4, 

FN1, CTSL, 

CAV2

ITPR1, HCLS1, 

VAV1, TNF, 

PLCG2, PTPN6

hsa04061

Viral protein 

interaction with 

cytokine and 

cytokine receptor

1,9633333 3,7e-09

CCL28, 

CXCL1, 

CXCL2, LTBR

CCL3, CXCR4, 

IL2RB, TNF

ID
Term 
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hsa05200
Pathways in 

cancer
2,0984615 4,5e-09

CDH1, 

CTNNA1, 

ITGB1, 

COL4A1, 

COL4A2, 

COL4A5, FN1, 

LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2, 

ITGA6, 

ITGA2, PTK2, 

FZD6, MET, 

CCND1, JUN, 

FOS, MECOM, 

CTBP2, 

PPARG, JUP, 

MITF, BMP4, 

VEGFC, 

GNG12, 

GNA11, 

GNAI1, HES1, 

NFE2L2, 

NQO1, 

GSTA4, 

MGST1, 

IL13RA1, 

EDN1

STAT5A, PLCG2, 

RAC2, TCF7L2, 

CCND2, E2F2, 

GNG7, CXCR4, 

PIM2, CSF2RB, 

IL2RB

hsa04520
Adherens 

junction
3,7235632 6,9e-09

CDH1, 

CTNNA1, 

YES1, SNAI2, 

MET, PTPRF, 

PTPRM, TJP1, 

ACTN1, 

NECTIN3, 

NECTIN2, 

ARHGAP29

TCF7L2, PTPN6, 

RAC2

ID
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hsa05323
Rheumatoid 

arthritis
3,2395000 8,0e-09

CTSL, CXCL1, 

CXCL2, FOS, 

JUN

TNF, HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

ITGAL, ITGB2, 

CCL3

hsa05167

Kaposi sarcoma-

associated 

herpesvirus 

infection

1,9859004 9,1e-09

C3, GNG12, 

CXCL1, 

CXCL2, 

PPP3CA, FOS, 

JUN, CCND1

E2F2, GNG7, 

SYK, PPP3CC, 

ITPR1, PLCG2, 

PIK3CG, TCF7L2

hsa04310
Wnt signaling 

pathway
1,7657652 1,3e-08

PPP3CA, 

FZD6, 

CCND1, 

FOSL1, JUN, 

TLE1, CTBP2, 

DKK1, 

BAMBI

PPP3CC, RAC2, 

CCND2, TCF7L2

hsa04662

B-cell receptor 

signaling 

pathway
3,1258333 1,6e-08

FOS, JUN, 

PPP3CA

VAV1, PPP3CC, 

RAC2, PLCG2, 

BTK, SYK, 

PTPN6, PIK3AP1

hsa04380
Osteoclast 

differentiation
2,9608333 3,5e-08

TNFRSF11B, 

FOS, JUN, 

FOSL1, 

PPP3CA, 

MITF, FHL2, 

PPARG

BTK, SYK, 

PLCG2, PPP3CC, 

TNF, CYBA, 

NCF2, NCF4, 

ITPR1

ID
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hsa04810

Regulation of 

actin 

cytoskeleton
2,3667580 4,0e-08

NCKAP1, 

CYFIP1, 

CFL2, GSN, 

ACTN1, 

MYLK, 

ENAH, 

GNG12, PTK2, 

ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, FN1, 

RRAS, PDGFC

CYFIP2, RAC2, 

IQGAP2, VAV1, 

ITGA4, ITGAL, 

ITGB2, CXCR4

hsa05417
Lipid and 

atherosclerosis
1,9222164 4,8e-08

FOS, JUN, 

NFE2L2, 

CXCL1, 

CXCL2, 

PPP3CA, 

HSPA2, PTK2, 

PPARG

CYBA, NCF2, 

NCF4, CCL3, 

TNF, PPP3CC, 

VAV1, ITPR1

hsa04658
Th1 and Th2 cell 

differentiation
2,7948627 5,9e-08

PPP3CA, JUN, 

FOS

PPP3CC, CD3D, 

IL2RB, STAT5A, 

HLA-DMA, HLA-

DPB1, HLA-

DQB1, RUNX3

hsa05140 Leishmaniasis 4,5811111 6,5e-08
ITGB1, C3, 

FOS, JUN

ITGA4, ITGB2, 

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF, 

PTPN6, CYBA, 

NCF2, NCF4

hsa05145 Toxoplasmosis 2,9245486 7,7e-08

GNAI1, 

ITGA6, 

ITGB1, 

LAMA3, 

LAMB1, 

LAMB2, 

LAMC1, 

LAMC2

TNF, HLA-DMA, 

HLA-DPB1, 

HLA-DQB1, 

PIK3CG

ID
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hsa04210 Apoptosis 1,9796944 8,7e-08

CAPN2, 

LMNA, JUN, 

FOS, CTSB, 

CTSL, CTSV

CSF2RB, TNF, 

CTSS, ITPR1

hsa04670

Leukocyte 

transendothelial 

migration
3,4636164 9,1e-08

CLDN4, 

CLDN1, 

ITGB1, PTK2, 

CTNNA1, 

GNAI1, 

ACTN1

ITGB2, ITGAL, 

ITGA4, CYBA, 

NCF2, NCF4, 

VAV1, RAC2, 

CXCR4, PLCG2

hsa04360 Axon guidance 2,5020528 9,1e-08

GNAI1, 

PPP3CA, 

PTK2, ITGB1, 

EPHA2, 

EFNA1, MET, 

SEMA3A, 

SEMA3C, 

RHOD, CFL2, 

RRAS, 

PRKCZ, 

ENAH

CXCR4, RAC2, 

PPP3CC, FES, 

PLCG2

hsa05226 Gastric cancer 1,2429736 9,8e-08

CCND1, 

FZD6, MET, 

CDH1, 

CTNNA1, JUP

TCF7L2, E2F2

hsa04659
Th17 cell 

differentiation
2,3521122 1,0e-07

PPP3CA, JUN, 

FOS, AHR

PPP3CC, IL2RB, 

STAT5A, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CD3D

hsa04611
Platelet 

activation
2,5623164 1,1e-07

ITGA2, 

ITGB1, 

MYLK, 

GNAI1, 

COL1A2, 

COL3A1, 

PRKCZ

ITPR1, PLCG2, 

APBB1IP, 

PIK3CG, 

FERMT3, BTK, 

SYK

ID
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Description
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hsa05130

Pathogenic 

Escherichia coli 

infection
2,4967245 1,3e-07

CTTN, 

CLDN4, 

CLDN1, 

ITGB1, 

TUBB3, 

TUBB2A, 

FOS, JUN, 

NCKAP1, 

CYFIP1, TJP1, 

MYO1B, 

MYO1C, 

MYO6

HCLS1, WIPF1, 

TNF, PTPN6, 

CYFIP2, MYO1G

hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
3,2542922 1,4e-07

LMNA, DSG2, 

JUP, ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, 

CTNNA1, 

SGCE

ITGA4, TCF7L2

hsa05166

Human T-cell 

leukemia virus 1 

infection
2,1483595 1,5e-07

PPP3CA, 

LTBR, JUN, 

CCND1, FOS, 

EGR1, FOSL1

ITGAL, ITGB2, 

PPP3CC, IL2RB, 

STAT5A, CCND2, 

CD3D, E2F2, 

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa00480
Glutathione 

metabolism
1,5706667 2,7e-07

GPX2, GPX8, 

GSTA4, 

MGST1

hsa04974
Protein digestion 

and absorption
3,7022857 2,7e-07

ATP1B1, 

COL1A2, 

COL3A1, 

COL4A1, 

COL4A2, 

COL4A5

hsa00561
Glycerolipid 

metabolism
1,8944444 3,2e-07

PLPP2, PLPP3, 

MBOAT2, 

MGLL
LPL

ID
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hsa05170

Human 

immunodeficienc

y virus 1 

infection

2,0062477 3,3e-07

GNG12, 

PPP3CA, 

GNA11, 

GNAI1, PTK2, 

FOS, JUN, 

CFL2, AP1M2

GNG7, PPP3CC, 

TNF, CXCR4, 

ITPR1, PLCG2, 

RAC2, CD3D

hsa04915

Estrogen 

signaling 

pathway
1,2391530 3,8e-07

FOS, JUN, 

GNAI1, 

KRT15, 

KRT18, KRT19

ITPR1

hsa04530 Tight junction 1,9015933 4,0e-07

TJP1, PRKCZ, 

MAGI1, 

ACTN1, 

MICALL2, 

RAB13, 

CLDN4, 

CLDN1, 

PRKAG2, 

JUN, CCND1, 

CTTN, ITGB1

HCLS1

hsa05418

Fluid shear stress 

and 

atherosclerosis
3,2476190 4,1e-07

FOS, JUN, 

NFE2L2, 

NQO1, BMP4, 

PRKCZ, 

GSTA4, 

MGST1, PLAT, 

CTSL, EDN1, 

PTK2, CAV2, 

SDC1, SDC2, 

SDC4

CYBA, NCF2, 

RAC2, TNF

ID
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hsa04371
Apelin signaling 

pathway
2,3996296 4,6e-07

PRKAG2, 

SERPINE1, 

GNAI1, 

GNG12, 

RRAS, CCN2, 

MYLK, 

CCND1, 

EGR1, PLAT, 

CDH1

GNG7, PIK3CG, 

ITPR1

hsa04657
IL-17 signaling 

pathway
1,7785490 4,6e-07

FOS, JUN, 

FOSL1, 

CXCL1, 

CXCL2

TNFAIP3, TNF

hsa05100

Bacterial 

invasion of 

epithelial cells
2,6995833 7,5e-07

CTNNA1, 

CDH1, CTTN, 

ITGB1, PTK2, 

MET, FN1, 

CAV2

HCLS1

hsa05163

Human 

cytomegalovirus 

infection
1,5042454 8,7e-07

GNG12, 

PPP3CA, 

GNA11, 

GNAI1, 

CCND1, PTK2

TNF, GNG7, 

PPP3CC, ITPR1, 

CCL3, RAC2, 

CXCR4, E2F2

hsa04612

Antigen 

processing and 

presentation
3,6604520 9,2e-07

CTSB, CTSL, 

LGMN, 

HSPA2

CD74, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CTSS, 

TNF

hsa04630

JAK-STAT 

signaling 

pathway
0,9448542 9,8e-07

IL13RA1, 

CCND1

STAT5A, IL2RB, 

CCND2, PTPN6, 

CSF2RB

hsa04664

Fc epsilon RI 

signaling 

pathway
2,0900000 1,1e-06

TNF, BTK, SYK, 

PLCG2, RAC2, 

VAV1

ID
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hsa04650

Natural killer cell 

mediated 

cytotoxicity
2,5523333 1,1e-06 PPP3CA

PPP3CC, PLCG2, 

TNF, LAT2, SYK, 

PTPN6, CD48, 

ICAM2, RAC2, 

VAV1, ITGB2, 

ITGAL

hsa05213
Endometrial 

cancer
1,5997531 1,3e-06

CTNNA1, 

CDH1, 

CCND1
TCF7L2

hsa05162 Measles 1,3821867 1,6e-06
CCND1, FOS, 

JUN

IL2RB, CD3D, 

STAT5A, 

TNFAIP3, 

CCND2

hsa04926
Relaxin signaling 

pathway
2,3792938 1,6e-06

GNG12, 

PRKCZ, 

EDN1, GNAI1, 

VEGFC, 

COL1A2, 

COL3A1, 

COL4A1, 

COL4A2, 

COL4A5, FOS, 

JUN

GNG7

hsa05133 Pertussis 3,4429469 2,3e-06

ITGB1, 

GNAI1, CFL2, 

C1R, C1S, C3, 

FOS, JUN

ITGB2, TNF, 

IRF8

hsa04917
Prolactin 

signaling 
1,3088889 2,7e-06 CCND1, FOS STAT5A, CCND2

hsa04014
Ras signaling 

pathway
1,1780000 4,9e-06

RRAS, 

EFNA1, 

PDGFC, 

BDNF, 

VEGFC, 

EPHA2, MET, 

GNG12

RAC2, RASAL3, 

GNG7, PLCG2

ID
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hsa04060

Cytokine-

cytokine receptor 

interaction
1,2798025 5,1e-06

INHBB, LTBR, 

IL13RA1, 

TNFRSF12A, 

TNFRSF11B, 

CXCL1, 

CXCL2, 

CCL28, 

GDF15, BMP4

IL2RB, CSF2RB, 

CD70, CXCR4, 

TNF, CCL3

hsa04921

Oxytocin 

signaling 

pathway
1,6612821 5,2e-06

MYLK, 

PRKAG2, 

PPP3CA, JUN, 

FOS, CCND1, 

GNAI1

ITPR1, PPP3CC, 

PIK3CG

hsa04010
MAPK signaling 

pathway
1,5368414 6,0e-06

RRAS, 

GNG12, 

EPHA2, MET, 

MECOM, FOS, 

JUN, PPP3CA, 

EFNA1, 

AREG, 

PDGFC, 

BDNF, VEGFC

DUSP2, PTPN7, 

TNF, RAC2, 

PPP3CC, 

MAP4K1

hsa04713
Circadian 

entrainment
1,3168699 6,2e-06

GNG12, 

GNAI1, FOS
GNG7, ITPR1

hsa04725
Cholinergic 

synapse
2,0326275 6,2e-06

GNA11, 

GNAI1, 

GNG12, FOS

ITPR1, CHAT, 

GNG7, PIK3CG

hsa05410
Hypertrophic 

cardiomyopathy
2,6995833 8,8e-06

ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, 

LMNA, TPM1, 

PRKAG2, 

EDN1, SGCE

ITGA4, TNF

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

￼186

Table 13. pathfindR pathway enrichment analysis for 5-FU utilizing the gene features 
of the pan-drug model trained with DNA replication inhibitors (Strategy 2) 
(continued) 



hsa05414
Dilated 

cardiomyopathy
2,0900000 1,0e-05

ITGA6, 

ITGA2, 

ITGB1, 

ITGB5, 

LMNA, TPM1, 

SGCE

ITGA4, TNF

hsa04613

Neutrophil 

extracellular trap 

formation
1,8165421 1,1e-05 C3

SYK, PLCG2, 

ITGB2, CYBA, 

NCF2, RAC2, 

NCF4, ITGAL

hsa05216 Thyroid cancer 2,5407843 1,2e-05

PPARG, 

CDH1, 

CCND1
TCF7L2

hsa05221
Acute myeloid 

leukemia
1,7997222 1,2e-05 JUP, CCND1

STAT5A, 

TCF7L2, PIM2

hsa04020

Calcium 

signaling 

pathway
1,1726697 1,3e-05

PPP3CA, MET, 

GNA11, 

MYLK, 

ADORA2B, 

ASPH, 

PDGFC, 

VEGFC

PPP3CC, PLCG2, 

ITPR1, CXCR4

hsa04012
ErbB signaling 

pathway
1,4592342 1,3e-05

PTK2, JUN, 

AREG
STAT5A, PLCG2

hsa04625

C-type lectin 

receptor 

signaling 
1,8186667 1,3e-05

RRAS, 

PPP3CA, JUN

SYK, PLCG2, 

PPP3CC, ITPR1, 

TNF

hsa04922

Glucagon 

signaling 

pathway
1,0483819 1,3e-05

PYGL, 

PPP3CA, 

PRKAG2
PPP3CC, ITPR1

hsa05224 Breast cancer 1,0798333 1,3e-05

FOS, JUN, 

CCND1, 

FZD6, HES1
TCF7L2, E2F2

hsa05210 Colorectal cancer 1,6828571 1,4e-05
CCND1, JUN, 

FOS, AREG
RAC2, TCF7L2

hsa04066
HIF-1 signaling 

pathway
1,0798333 1,5e-05

HK1, 

SERPINE1, 

EDN1, LTBR
PLCG2

ID
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hsa04064
NF-κB signaling 

pathway
2,2341379 1,6e-05

LTBR, PLAU, 

CXCL1, 

CXCL2

TNF, TNFAIP3, 

PLCG2, SYK, 

BTK

hsa04660

T-cell receptor 

signaling 

pathway
1,6756034 1,6e-05

FOS, JUN, 

PPP3CA

TNF, PPP3CC, 

VAV1, CD3D, 

PTPRC, PTPN6

hsa00564
Glycerophosphol

ipid metabolism
1,2270833 1,8e-05

PLPP2, PLPP3, 

MBOAT2, 

CDS1
CHAT

hsa04971
Gastric acid 

secretion
1,4894253 2,0e-05

ATP1B1, 

GNAI1, 

MYLK
ITPR1

hsa04728
Dopaminergic 

synapse
1,3032471 2,0e-05

GNAI1, 

GNG12, FOS, 

PPP3CA

ITPR1, GNG7, 

PPP3CC

hsa04514
Cell adhesion 

molecules
3,4010499 2,0e-05

ITGB1, 

ITGA6, 

NECTIN2, 

CDH1, 

NECTIN3, 

PTPRM, 

SDC1, SDC2, 

SDC4, PTPRF, 

CLDN4, 

CLDN1

PTPRC, ITGB2, 

ITGAL, ITGA4, 

ICAM2, HLA-

DMA, HLA-

DPB1, HLA-

DQB1

hsa05142 Chagas disease 2,0038144 2,2e-05

C3, FOS, JUN, 

SERPINE1, 

GNAI1, 

GNA11

TNF, CCL3, 

CD3D

hsa05135
Yersinia 

infection
1,7140212 2,3e-05

ITGB1, FN1, 

PTK2, FOS, 

JUN

WIPF1, ITGA4, 

VAV1, TNF, 

RAC2

ID
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hsa05169
Epstein-Barr 

virus infection
1,9304283 4,0e-05

JUN, HES1, 

CCND1

HLA-DMA, HLA-

DPB1, HLA-

DQB1, ITGAL, 

TNFAIP3, SYK, 

PLCG2, RUNX3, 

E2F2, CCND2, 

BTK, TNF, CD3D

hsa04924 Renin secretion 2,1962712 4,4e-05

GNAI1, CTSB, 

PPP3CA, 

EDN1
ITPR1, PPP3CC

hsa04022

cGMP-PKG 

signaling 

pathway
1,1595526 4,4e-05

GNA11, 

PPP3CA, 

ATP1B1, 

MYLK, 

GNAI1

ITPR1, PPP3CC, 

PIK3CG

hsa04720
Long-term 

potentiation
1,0621311 4,4e-05 PPP3CA PPP3CC, ITPR1

hsa04724
Glutamatergic 

synapse
1,4397778 4,9e-05

GNAI1, 

GNG12, 

PPP3CA

ITPR1, GNG7, 

PPP3CC

hsa04726
Serotonergic 

synapse
1,3331276 6,8e-05

GNAI1, 

GNG12, APP
ITPR1, GNG7

hsa05208

Chemical 

carcinogenesis - 

ROS
1,3640000 7,3e-05

MET, NQO1, 

PRKD1, PTK2, 

FOS, JUN, 

NFE2L2, AHR, 

GSTA4, 

MGST1

CYBA, NCF2

hsa05415
Diabetic 

cardiomyopathy
0,8688314 8,1e-05

COL1A2, 

COL3A1, 

PRKCZ

CYBA, NCF2, 

RAC2, NCF4

hsa04072

Phospholipase D 

signaling 

pathway
1,0876019 8,8e-05

RRAS, PLPP2, 

PLPP3, 

PDGFC

PLCG2, PIK3CG, 

SYK

ID
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hsa05152 Tuberculosis 1,4485569 9,2e-05 PPP3CA, C3

PPP3CC, ITGB2, 

TNF, CD74, HLA-

DMA, HLA-

DPB1, HLA-

DQB1, CTSS, 

SYK

hsa05207

Chemical 

carcinogenesis - 

receptor 

activation

1,1931860 9,9e-05

FOS, JUN, 

AHR, GSTA4, 

MGST1, 

CCND1, 

KLF5, KLF4, 

GNAI1

STAT5A

hsa05416 Viral myocarditis 3,3877124 1,0e-04 CCND1, SGCE

HLA-DMA, HLA-

DPB1, HLA-

DQB1, ITGAL, 

ITGB2, RAC2

hsa04142 Lysosome 1,7050000 1,1e-04

CTSB, CTSL, 

CTSV, LGMN, 

AP1M2
CTSS

hsa04370
VEGF signaling 

pathway
2,0766026 1,1e-04

PPP3CA, 

PTK2

PLCG2, PPP3CC, 

RAC2

hsa04620
Toll-like receptor 

signaling 
0,8905842 1,1e-04 FOS, JUN TNF, CCL3

hsa04621

NOD-like 

receptor 

signaling 

pathway

1,6612821 1,4e-04

JUN, CTSB, 

CXCL1, 

CXCL2

CARD8, AIM2, 

ITPR1, CYBA, 

IFI16, TNFAIP3, 

TNF

hsa05225
Hepatocellular 

carcinoma
1,3844017 1,5e-04

CCND1, 

FZD6, MET, 

NFE2L2, 

NQO1, 

GSTA4, 

MGST1

TCF7L2, E2F2, 

PLCG2

hsa05120

Epithelial cell 

signaling in 

Helicobacter 

pylori infection

2,2563682 1,5e-04

JUN, CXCL1, 

CXCL2, MET, 

TJP1
PLCG2, CSK

ID
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hsa05321
Inflammatory 

bowel disease
1,8617816 1,6e-04 JUN

TNF, HLA-DMA, 

HLA-DPB1, 

HLA-DQB1

hsa04666

Fc gamma R-

mediated 

phagocytosis
2,6692509 1,6e-04

CFL2, ASAP2, 

MARCKS, 

GSN, PLPP2, 

PLPP3

SYK, PTPRC, 

PLCG2, VAV1, 

RAC2

hsa05020 Prion disease 1,2206812 2,0e-04

LAMC1, 

EGR1, 

TUBB3, 

TUBB2A, 

PPP3CA, 

CAV2

ITPR1, PPP3CC, 

TNF, CYBA, 

NCF2, RAC2, 

NCF4

hsa01522
Endocrine 

resistance
1,2132959 2,0e-04

CCND1, JUN, 

FOS, PTK2
E2F2

hsa04723

Retrograde 

endocannabinoid 

signaling
1,0187107 2,0e-04

GNAI1, 

GNG12, 

MGLL
ITPR1, GNG7

hsa04935

Growth hormone 

synthesis, 

secretion and 

action

1,4128660 2,0e-04
GNA11, FOS, 

PTK2, GNAI1

ITPR1, PLCG2, 

STAT5A

hsa04024
cAMP signaling 

pathway
1,0534959 2,8e-04

ATP1B1, 

GNAI1, SOX9, 

RRAS, BDNF, 

FOS, JUN, 

EDN1

VAV1, RAC2

hsa04218
Cellular 

senescence
1,3313014 2,9e-04

RRAS, 

CCND1, 

CAPN2, 

PPP3CA, 

SERPINE1

CCND2, E2F2, 

PPP3CC, ITPR1

hsa05134 Legionellosis 2,2975177 2,9e-04
C3, CXCL1, 

CXCL2
ITGB2, TNF

hsa04115
p53 signaling 

pathway
1,5426190 3,0e-04

SFN, THBS1, 

SERPINE1, 

CCND1
CCND2

ID
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hsa00983
Drug metabolism 

- other enzymes
0,9255714 3,0e-04

UPP1, GSTA4, 

MGST1

hsa04814 Motor proteins 1,6938562 3,1e-04

DYNLL1, 

TUBB3, 

TUBB2A, 

MYO1B, 

MYO1C, 

MYO6, TPM1

MYO1G

hsa01521
EGFR TKI 

resistance
1,5426190 3,2e-04

MET, PDGFC, 

GAS6, AXL
PLCG2

hsa05310 Asthma 3,9266667 3,3e-04

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa04350
TGF-β signaling 

pathway
1,9244554 3,3e-04

THBS1, ID1, 

ID4, INHBB, 

BMP4, 

BAMBI, 

TGIF1

TNF, NRROS

hsa05171

Coronavirus 

disease - 

COVID-19
1,2703922 3,6e-04

FOS, JUN, 

C1R, C1S, C3

TNF, SYK, 

PLCG2

hsa05144 Malaria 3,6872358 3,9e-04
SDC1, SDC2, 

MET, THBS1

TNF, ITGAL, 

ITGB2

hsa04727
GABAergic 

synapse
1,0123438 4,4e-04

GNAI1, 

GNG12
GNG7

hsa05161 Hepatitis B 0,7151214 4,7e-04 FOS, JUN
TNF, STAT5A, 

E2F2

hsa04916 Melanogenesis 1,1487589 4,9e-04
MITF, GNAI1, 

FZD6, EDN1
TCF7L2

hsa04392

Hippo signaling 

pathway - 

multiple species
6,1704762 5,3e-04

WWC1, 

FRMD6, 

YAP1, 

WWTR1, 

TEAD4, 

RASSF4, 

AJUBA

RASSF2

ID
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hsa04114 Oocyte meiosis 0,6645128 5,3e-04 PPP3CA
FBXO43, ITPR1, 

PPP3CC

hsa05330
Allograft 

rejection
3,1995062 5,4e-04

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa04340
Hedgehog 

signaling 
0,7853333 5,4e-04 CCND1 CCND2

hsa05332
Graft-versus-host 

disease
3,0852381 5,6e-04

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa04940
Type I diabetes 

mellitus
2,9788506 5,9e-04

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa05031
Amphetamine 

addiction
1,3933333 6,5e-04

PPP3CA, FOS, 

JUN
PPP3CC

hsa05032
Morphine 

addiction
1,1833790 7,0e-04

GNAI1, 

GNG12
GNG7, PDE7A

hsa05203
Viral 

carcinogenesis
1,4291912 7,2e-04

JUN, CCND1, 

GSN, ACTN1, 

C3, LTBR

STAT5A, SYK, 

CCND2

hsa04936
Alcoholic liver 

disease
1,1115931 7,7e-04

PRKAG2, 

CCND1, C3, 

CXCL1, 

CXCL2

TNF, TCF7L2

hsa04928

Parathyroid 

hormone 

synthesis, 

secretion and 

1,2340952 9,5e-04

GNA11, 

GNAI1, FOS, 

EGR1, SGK1
ITPR1

hsa05204

Chemical 

carcinogenesis - 

DNA adducts
0,8638667 1,0e-03

GSTA4, 

MGST1

hsa00982
Drug metabolism 

- cytochrome 
0,7447126 1,0e-03

GSTA4, 

MGST1

hsa01524
Platinum drug 

resistance
0,7447126 1,0e-03

GSTA4, 

MGST1

hsa04071
Sphingolipid 

signaling 
0,7998765 1,1e-03

GNAI1, 

PRKCZ
TNF, RAC2

ID
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hsa04672

Intestinal 

immune network 

for IgA 

production

4,0858559 1,1e-03 CCL28, LTBR

HLA-DMA, HLA-

DPB1, HLA-

DQB1, ITGA4, 

CXCR4

hsa00980

Metabolism of 

xenobiotics by 

cytochrome P450
0,6966667 1,1e-03

GSTA4, 

MGST1

hsa05235

PD-L1 

expression and 

PD-1 checkpoint 

pathway in 

2,1069919 1,3e-03
FOS, JUN, 

PPP3CA

PPP3CC, CD3D, 

PTPN6, BATF, 

BATF3

hsa05132
Salmonella 

infection
1,7590045 1,4e-03

FOS, JUN, 

NCKAP1, 

CYFIP1, 

MYO6, SNX9, 

AHNAK2, 

AHNAK, 

RRAS, 

ANXA2, 

DYNLL1, 

TUBB3, 

TUBB2A

TNF, TCF7L2, 

CYFIP2, PIK3CG, 

PTPRC

hsa05131 Shigellosis 1,5879902 1,5e-03

JUN, C3, 

WIPI1, CTTN, 

ITGB1, PTK2, 

ACTN1, 

CAPN2, HK1

TNF, TIFA, 

FNBP1, HCLS1, 

ITPR1, PLCG2

hsa05320
Autoimmune 

thyroid disease
1,5426190 1,5e-03

HLA-DMA, HLA-

DPB1, HLA-

DQB1

hsa04934
Cushing 

syndrome
1,4505224 1,7e-03

GNA11, FZD6, 

GNAI1, 

CCND1, AHR, 

MEN1

ITPR1, TCF7L2, 

E2F2

ID
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Description
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hsa04145 Phagosome 3,0595278 1,7e-03

C1R, ITGB1, 

ITGB5, 

ITGA2, 

TUBB3, 

TUBB2A, C3, 

THBS1, CTSL

ITGB2, CYBA, 

NCF4, NCF2, 

HLA-DMA, HLA-

DPB1, HLA-

DQB1, CTSS

hsa05223 NSCLC 1,6872396 2,2e-03 CCND1, MET
E2F2, PLCG2, 

STAT5A

hsa05034 Alcoholism 0,9998457 2,3e-03

BDNF, GNAI1, 

GNG12, 

ADORA2B
GNG7

hsa00565
Ether lipid 

metabolism
0,9389855 2,4e-03 PLPP2, PLPP3

hsa04960

Aldosterone-

regulated sodium 

reabsorption
2,1596667 2,4e-03

ATP1B1, 

SGK1, SFN

hsa04148 Efferocytosis 1,7467892 2,4e-03

GULP1, 

ITGB5, AXL, 

PTK2, GAS6, 

THBS1, 

PPARG, 

ADAM9, 

SGK1

DUSP2, PTPN6

hsa05322
Systemic lupus 

erythematosus
3,4554667 2,5e-03

C3, C1S, C1R, 

ACTN1

TNF, HLA-DMA, 

HLA-DPB1, 

HLA-DQB1

hsa05220
Chronic myeloid 

leukemia
1,4997685 2,5e-03

MECOM, 

CTBP2, 

CCND1
STAT5A, E2F2

hsa05164 Influenza A 0,6170476 2,8e-03

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa00860
Porphyrin 

metabolism
1,7997222 3,1e-03

BLVRA, 

BLVRB, FTH1

hsa04110 Cell cycle 0,9229345 3,1e-03
SFN, CCND1, 

STAG1
CCND2, E2F2

ID
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hsa04750

Inflammatory 

mediator 

regulation of 

TRP channels

0,4964751 3,1e-03 PLCG2, ITPR1

hsa00830
Retinol 

metabolism
0,8306410 3,1e-03

ALDH1A1, 

ALDH1A3

hsa05030
Cocaine 

addiction
1,3785106 3,2e-03

GNAI1, JUN, 

BDNF

hsa04070
Phosphatidylinos

itol signaling 
0,7042391 3,4e-03 CDS1 PLCG2, ITPR1

hsa05150
Staphylococcus 

aureus infection
3,2103153 3,4e-03

C3, C1S, C1R, 

KRT15, 

KRT18, KRT19

HLA-DMA, HLA-

DPB1, HLA-

DQB1, ITGB2, 

hsa05217
Basal cell 

carcinoma
1,0450000 3,5e-03 BMP4, FZD6 TCF7L2

hsa04930
Type II diabetes 

mellitus
1,7050000 4,3e-03 PRKCZ, HK1 TNF

hsa05231

Choline 

metabolism in 

cancer
1,4559551 4,3e-03

PDGFC, 

PLPP2, PLPP3, 

FOS, JUN
RAC2

hsa05218 Melanoma 1,8511429 4,4e-03

CDH1, 

CCND1, MITF, 

MET, PDGFC
E2F2

hsa04640
Hematopoietic 

cell lineage
2,0568254 5,1e-03 ITGA6, ITGA2

ITGA4, CD3D, 

HLA-DMA, HLA-

DPB1, HLA-

DQB1, TNF

hsa04932
Non-alcoholic 

fatty liver disease
0,7824879 5,2e-03

PRKAG2, 

FOS, JUN, 

PPARG
TNF

hsa05202

Transcriptional 

misregulation in 

cancer
2,2411635 5,3e-03

PPARG, MET, 

PLAU, JUP, 

PTK2, MEN1, 

PLAT, MITF

IL2RB, CCND2, 

LYL1

hsa00562
Inositol 

phosphate 
0,6170476 5,4e-03 PLCG2, PIK3CG

ID
Term 
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hsa04270

Vascular smooth 

muscle 

contraction
1,2811582 6,2e-03

MYLK, 

GNA11, 

CALD1, 

ADORA2B, 

EDN1, ADM

ITPR1

hsa05215 Prostate cancer 1,4894253 6,3e-03

CCND1, 

PDGFC, 

PLAU, PLAT
TCF7L2, E2F2

hsa04918
Thyroid hormone 

synthesis
1,3712169 6,5e-03

ATP1B1, 

GPX2, GPX8
ITPR1

hsa05010
Alzheimer 

disease
0,8801149 7,5e-03

BACE2, APP, 

CAPN2, 

PPP3CA, 

WIPI1, 

TUBB3, 

TUBB2A, 

FZD6, DKK1

TNF, ITPR1, 

PPP3CC, LPL

hsa04970 Salivary 

secretion
0,6351961 7,7e-03 ATP1B1 ITPR1

hsa04610

Complement and 

coagulation 

cascades
2,7767143 8,3e-03

F3, SERPINE1, 

SERPINE2, 

PLAU, PLAT, 

C3, C1R, C1S

ITGB2

hsa04540 Gap junction 1,9891667 1,0e-02

GNAI1, TJP1, 

TUBB3, 

TUBB2A, 

PDGFC, 

GNA11

ITPR1

hsa05212 Pancreatic cancer 0,9255714 1,1e-02 CCND1 RAC2, E2F2

hsa04925

Aldosterone 

synthesis and 

secretion
1,0798333 1,1e-02

GNA11, 

PRKD1, 

ATP1B1
ITPR1

hsa04550

Signaling 

pathways 

regulating 

pluripotency of 

stem cells

1,1467257 1,2e-02

FZD6, KLF4, 

INHBB, 

BMP4, ID1, 

ID4

ID
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hsa04912
GnRH signaling 

pathway
1,0284127 1,2e-02

GNA11, JUN, 

EGR1
ITPR1

hsa05219 Bladder cancer 2,3347748 1,3e-02

THBS1, 

CDH1, 

CCND1
E2F2

hsa01523
Antifolate 

resistance
1,0284127 1,5e-02 TNF

hsa04140
Autophagy - 

animal
0,8581457 1,6e-02

RRAS, WIPI1, 

CTSL, CTSB
ITPR1, RAB39B

hsa05022

Pathways of 

neurodegeneratio

n - multiple 

diseases

0,7920538 1,7e-02

TUBB3, 

TUBB2A, 

PPP3CA, 

WIPI1, BDNF, 

GPX2, GPX8, 

CAPN2, FZD6, 

DKK1, APP

ITPR1, PPP3CC, 

RAB39B, TNF

hsa05110
Vibrio cholerae 

infection
1,1366667 2,4e-02 TJP1 PLCG2

hsa04929 GnRH secretion 1,0798333 2,6e-02 GNA11 ITPR1

hsa05160 Hepatitis C 0,8875342 2,6e-02

CLDN4, 

CLDN1, IFIT1, 

CCND1
TNF, E2F2

hsa04931 Insulin resistance 1,1018707 3,1e-02

PTPRF, 

PRKCZ, 

PYGL, 

PRKAG2

TNF

hsa04910
Insulin signaling 

pathway
0,8306410 3,1e-02

PTPRF, 

PRKAG2, 

PYGL, HK1, 

PRKCZ

hsa05014
Amyotrophic 

lateral sclerosis
0,7042391 3,1e-02

GPX2, GPX8, 

PPP3CA, 

TUBB3, 

TUBB2A, 

WIPI1

TNF, PPP3CC, 

RAB39B

ID
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Enrichment

lowest_p Up regulated Down regulated

￼198

Table 13. pathfindR pathway enrichment analysis for 5-FU utilizing the gene features 
of the pan-drug model trained with DNA replication inhibitors (Strategy 2) 
(continued) 



hsa04919

Thyroid hormone 

signaling 

pathway
0,7998765 3,1e-02

ATP1B1, 

BMP4, 

CCND1
PLCG2

hsa05214 Glioma 0,9255714 3,4e-02 CCND1 E2F2, PLCG2

hsa05206
MicroRNAs in 

cancer
0,9891603 3,4e-02

TPM1, MET, 

CCND1, 

TIMP3, 

MARCKS, 

TNC, PLAU, 

EFNA1, 

THBS1

CCND2, E2F2, 

PLCG2

hsa04962

Vasopressin-

regulated water 

reabsorption
1,0534959 3,4e-02 DYNLL1 ARHGDIB

hsa04261

Adrenergic 

signaling in 

cardiomyocytes
0,6399012 3,4e-02

TPM1, 

ATP1B1, 

GNAI1
PIK3CG

hsa04975
Fat digestion and 

absorption
1,3497917 3,5e-02 PLPP2, PLPP3

hsa04730
Long-term 

depression
1,2703922 3,6e-02

GNA11, 

GNAI1
ITPR1

hsa04137
Mitophagy - 

animal
0,7042391 3,7e-02

RRAS, JUN, 

MITF

hsa04927
Cortisol 

synthesis and 
0,8306410 3,9e-02 GNA11 ITPR1

hsa04152
AMPK signaling 

pathway
0,5733628 4,7e-02

PRKAG2, 

PPARG, 

CCND1

hsa04961

Endocrine and 

other factor-

regulated 

calcium 

0,4319333 4,8e-02 ATP1B1

hsa04973

Carbohydrate 

digestion and 

absorption
1,0044961 4,8e-02 ATP1B1, HK1

ID
Term 
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Fold 
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hsa04923

Regulation of 

lipolysis in 

adipocytes
0,8149686 4,9e-02 MGLL, GNAI1

hsa04213

Longevity 

regulating 

pathway - 
0,4074843 4,9e-02 PRKAG2

ID
Term 
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Fold 
Enrichment
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ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa00480
Glutathione 

metabolism
8,414286 0,00020 MGST2 GPX8

hsa04350
TGF-β signaling 

pathway
4,582037 0,00091 INHBB, BMP4

hsa04550

Signaling pathways 

regulating 

pluripotency of stem 

cells

6,143173 0,00091
FZD6, INHBB, 

BMP4

hsa05226 Gastric cancer 3,329394 0,00237 FZD6, CDH1

hsa04390
Hippo signaling 

pathway
4,478571 0,00237

CDH1, FZD6, 

BMP4

hsa04933

AGE-RAGE 

signaling pathway in 

diabetic 
5,030279 0,00387

COL1A2, 

COL3A1

hsa04926
Relaxin signaling 

pathway
3,921913 0,00410

COL1A2, 

COL3A1

hsa04060
Cytokine-cytokine 

receptor interaction
2,571032 0,00843 INHBB, BMP4 CD70

hsa05415
Diabetic 

cardiomyopathy
2,659688 0,00879

COL1A2, 

COL3A1

hsa05216 Thyroid cancer 6,805672 0,00941 CDH1

hsa05146 Amoebiasis 4,923252 0,00999
COL1A2, 

COL3A1

hsa04820
Cytoskeleton in 

muscle cells
5,933150 0,00999

VIM, COL1A2, 

COL3A1

hsa04974
Protein digestion 

and absorption
13,222449 0,01491

COL1A2, 

COL3A1

hsa05213 Endometrial cancer 4,285053 0,01796 CDH1

hsa05217 Basal cell carcinoma 7,464286 0,01897 BMP4, FZD6

hsa05100
Bacterial invasion of 

epithelial cells
3,213790 0,02134 CDH1

hsa05200 Pathways in cancer 2,342033 0,02223

CDH1, FZD6, 

CDKN2A, 

BMP4, 

hsa04520 Adherens junction 2,659688 0,02339 CDH1
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hsa05204

Chemical 

carcinogenesis - 

DNA adducts
4,627857 0,02371 MGST2

hsa00982
Drug metabolism - 

cytochrome P450
3,989532 0,02371 MGST2

hsa00980

Metabolism of 

xenobiotics by 

cytochrome P450
3,732143 0,02371 MGST2

hsa04916 Melanogenesis 2,461626 0,02428 FZD6

hsa04934 Cushing syndrome 3,453625 0,04032
FZD6, 

CDKN2A

hsa05224 Breast cancer 1,652806 0,04034 FZD6

hsa05225
Hepatocellular 

carcinoma
4,449863 0,04454

FZD6, 

MGST2, 

CDKN2A

hsa04310
Wnt signaling 

pathway
1,455301 0,04454 FZD6

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa00480
Glutathione 

metabolism
7,600000 0,00020 MGST2 GPX8

hsa04350
TGF-β signaling 

pathway
4,138614 0,00091 INHBB, BMP4

hsa04550

Signaling pathways 

regulating 

pluripotency of 

stem cells

5,548673 0,00091
FZD6, INHBB, 

BMP4

hsa05226 Gastric cancer 3,007194 0,00237 FZD6, CDH1

hsa04390
Hippo signaling 

pathway
4,045161 0,00237

CDH1, FZD6, 

BMP4

hsa04933

AGE-RAGE 

signaling pathway 

in diabetic 

complications

4,543478 0,00387
COL1A2, 

COL3A1

hsa04926
Relaxin signaling 

pathway
3,542373 0,00410

COL1A2, 

COL3A1

hsa04060
Cytokine-cytokine 

receptor interaction
2,322222 0,00843 INHBB, BMP4 CD70

hsa05415
Diabetic 

cardiomyopathy
2,402299 0,00879

COL1A2, 

COL3A1

hsa05216 Thyroid cancer 6,147059 0,00941 CDH1

hsa05146 Amoebiasis 4,446809 0,00999
COL1A2, 

COL3A1

hsa04820
Cytoskeleton in 

muscle cells
5,358974 0,00999

VIM, COL1A2, 

COL3A1

hsa04974
Protein digestion 

and absorption
11,942857 0,01491

COL1A2, 

COL3A1

hsa04510 Focal adhesion 2,211640 0,01770 COL1A2, CAV1

hsa05205
Proteoglycans in 

cancer
3,265625 0,01770 FZD6 COL1A2, CAV1

hsa05213 Endometrial cancer 3,870370 0,01796 CDH1

hsa05217 Basal cell 

carcinoma
6,741936 0,01897 BMP4, FZD6

hsa05100
Bacterial invasion 

of epithelial cells
5,805556 0,02134 CDH1 CAV1
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hsa05200 Pathways in cancer 2,115385 0,02223

CDH1, FZD6, 

CDKN2A, 

BMP4, MGST2

hsa04520 Adherens junction 2,402299 0,02339 CDH1

hsa05204

Chemical 

carcinogenesis - 

DNA adducts
4,180000 0,02371 MGST2

hsa00982
Drug metabolism - 

cytochrome P450
3,603448 0,02371 MGST2

hsa00980

Metabolism of 

xenobiotics by 

cytochrome P450
3,370968 0,02371 MGST2

hsa04916 Melanogenesis 2,223404 0,02428 FZD6

hsa04934 Cushing syndrome 3,119403 0,04032 FZD6, CDKN2A

hsa05224 Breast cancer 1,492857 0,04034 FZD6

hsa05225
Hepatocellular 

carcinoma
4,019231 0,04454

FZD6, MGST2, 

CDKN2A

hsa04310
Wnt signaling 

pathway
1,314465 0,04454 FZD6

ID Term Description
Fold 
Enrichment

lowest_p Up regulated Down regulated
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ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04512
ECM-receptor 

interaction
6,7346090 5,8e-30

COL1A2, 

COL6A3, 

ITGA4

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, COL4A1, 

COL4A2, THBS1, 

ITGB1, ITGA6, 

SDC1, SDC4, 

ITGB6, ITGB5, 

CD44, ITGA2, DSPP

hsa04510 Focal adhesion 3,7641249 5,8e-30

ITGA4, FYN, 

COL1A2, 

COL6A3

ITGB1, ITGB5, 

ITGB6, ITGA6, 

ITGA2, ACTN1, 

PTK2, CAPN2, 

COL4A1, COL4A2, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, THBS1, 

CCND1, EGFR, 

MET, VEGFC, JUN, 

EMP1

hsa04151
PI3K-Akt 

signaling pathway
2,3372200 2,4e-22

PIK3CG, 

ITGA4, 

COL1A2, 

COL6A3, 

MYB, 

PIK3AP1

EGFR, EPHA2, 

FGFR3, MET, 

CCND1, EFNA1, 

VEGFC, GNG12, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, COL4A1, 

COL4A2, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

THBS1, PTK2, 

SGK1
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hsa05165

Human 

papillomavirus 

infection
2,3023288 7,8e-20

ITGA4, 

COL1A2, 

COL6A3, 

HES6, TCF7L2

EGFR, CCND1, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, COL4A1, 

COL4A2, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

THBS1, PTK2, 

LLGL2, PATJ, JAG1, 

FZD6, WNT10A

hsa05222
Small cell lung 

cancer
4,7051561 6,2e-18 E2F2

CCND1, ITGB1, 

ITGA6, ITGA2, 

PTK2, COL4A1, 

COL4A2, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2

hsa04820
Cytoskeleton in 

muscle cells
4,3432210 3,5e-14

ITGA4, VIM, 

COL1A2, 

COL6A3

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, DSG2, JUP, 

ATP1B1, LMNA, 

THBS1, COL4A1, 

COL4A2, SDC1, 

SDC4, FHL2, ANK3

hsa04520 Adherens junction 4,0886184 1,8e-13
LEF1, TCF7L2, 

FYN

CDH1, CTNNA1, 

YES1, SNAI2, 

EGFR, MET, PTPRF, 

TJP1, ACTN1, 

NECTIN2, 

ARHGAP29

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05146 Amoebiasis 4,8653317 2,4e-13
ITGB2, 

COL1A2

IL1B, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

CXCL1, CXCL2, 

ARG1, COL4A1, 

COL4A2, ACTN1, 

PTK2, SERPINB6

hsa04915
Estrogen signaling 

pathway
2,2908711 3,7e-13

EGFR, FOS, JUN, 

GNAI1, KRT23, 

KRT9, KRT13, 

KRT14, KRT15, 

KRT18, KRT19

hsa04390
Hippo signaling 

pathway
3,1145098 7,2e-13

ITGB2, LEF1, 

TCF7L2

WWC1, FRMD6, 

YAP1, WWTR1, 

LATS2, CTNNA1, 

PATJ, CDH1, 

LLGL2, TEAD4, 

AJUBA, WNT10A, 

FZD6, CCND1, 

SNAI2, ID1

hsa05226 Gastric cancer 2,0106926 7,0e-12
LEF1, TCF7L2, 

E2F2

CCND1, FZD6, 

WNT10A, MET, 

CDH1, CTNNA1, 

JUP, EGFR

hsa05145 Toxoplasmosis 3,4406454 8,0e-12
HLA-DPB1, 

PIK3CG

MAPK13, GNAI1, 

ITGA6, ITGB1, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2

hsa05213 Endometrial cancer 2,8230937 7,1e-11 LEF1, TCF7L2
CTNNA1, CDH1, 

EGFR, CCND1

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05205
Proteoglycans in 

cancer
2,6466503 1,7e-10

HCLS1, 

COL1A2

CD44, ANK3, 

RRAS, CTTN, 

CCND1, PLAU, 

PTK2, MET, THBS1, 

SDC1, ITGA2, 

ITGB1, ITGB5, 

FZD6, SDC4, 

MAPK13, EGFR, 

WNT10A

hsa04670

Leukocyte 

transendothelial 

migration
2,8763596 7,2e-10

ITGB2, 

ITGAL, 

ITGA4, 

CXCR4

CLDN4, F11R, 

ITGB1, PTK2, 

MAPK13, CTNNA1, 

GNAI1, ACTN1

hsa05200 Pathways in cancer 1,9544495 1,9e-09
LEF1, TCF7L2, 

E2F2, CXCR4

CDH1, WNT10A, 

CTNNA1, ITGB1, 

COL4A1, COL4A2, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, ITGA6, 

ITGA2, PTK2, 

FZD6, EGFR, MET, 

FGFR3, CCND1, 

JUN, FOS, MECOM, 

CTBP2, PPARG, 

JUP, VEGFC, 

GNG12, GNAI1, 

JAG1, JAG2, NQO1, 

EDN1

hsa04933

AGE-RAGE 

signaling pathway 

in diabetic 

complications

3,0378943 2,4e-09 COL1A2

EGR1, MAPK13, 

EDN1, F3, IL1B, 

JUN, CCND1, 

COL4A1, COL4A2, 

VEGFC

hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
4,1766317 2,5e-09

ITGA4, LEF1, 

TCF7L2

LMNA, DSG2, JUP, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, CTNNA1

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04010
MAPK signaling 

pathway
1,6177278 2,7e-09 MAP4K1

DUSP1, DUSP5, 

RRAS, GNG12, 

EGFR, EPHA2, 

FGFR3, MET, 

MAPK13, IL1B, 

MECOM, FOS, JUN, 

PPP3CA, EFNA1, 

VEGFC

hsa04668
TNF signaling 

pathway
2,5156280 2,8e-09

MAPK13, FOS, 

JUN, CXCL1, 

CXCL2, JAG1, 

IL1B, MMP14, 

EDN1, VEGFC

hsa04062
Chemokine 

signaling pathway
1,2919242 3,6e-09

CXCR4, 

DOCK2, 

PIK3CG

CXCL1, CXCL2, 

CXCL16, PTK2, 

GNAI1, GNG12

hsa05150
Staphylococcus 

aureus infection
4,4635400 5,4e-09

HLA-DPB1, 

ITGB2, ITGAL

C3, C1S, C1R, 

KRT23, KRT9, 

KRT13, KRT14, 

KRT15, KRT18, 

KRT19

hsa04530 Tight junction 2,5567641 1,3e-08 HCLS1

PATJ, TJP1, F11R, 

ACTN1, MICALL2, 

RAB13, LLGL2, 

MARVELD3, 

CLDN4, PRKAG2, 

TUBA4A, JUN, 

CCND1, CTTN, 

ITGB1

hsa04810
Regulation of actin 

cytoskeleton
2,2043334 1,6e-08

CYFIP2, 

ITGA4, 

ITGAL, 

ITGB2, 

CXCR4

NCKAP1, SSH3, 

GSN, ACTN1, 

GNG12, PTK2, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, RRAS, 

EGFR, FGFR3

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa04657
IL-17 signaling 

pathway
2,3913264 2,0e-08

FOS, JUN, FOSL1, 

MAPK13, CXCL1, 

CXCL2, S100A7, 

IL1B

hsa05133 Pertussis 4,7869849 3,4e-08 ITGB2, IRF8

ITGB1, IL1B, 

GNAI1, C1R, C1S, 

C3, MAPK13, FOS, 

JUN, CASP1, 

PYCARD

hsa05130

Pathogenic 

Escherichia coli 

infection
3,0841891 3,9e-08

HCLS1, FYN, 

WIPF1, 

CYFIP2, 

MYO1G

TUBA4A, CTTN, 

CLDN4, ITGB1, 

TUBB6, PYCARD, 

CASP1, IL1B, 

MAPK13, FOS, 

JUN, NCKAP1, 

TJP1, MYO1B, 

MYO1C, MYO6

hsa04310
Wnt signaling 

pathway
1,9175731 5,7e-08 LEF1, TCF7L2

PPP3CA, FZD6, 

MMP7, CCND1, 

FOSL1, JUN, TLE1, 

CTBP2, DKK1, 

WNT10A

hsa01522
Endocrine 

resistance
2,5693325 7,3e-08 E2F2

EGFR, MAPK13, 

JAG1, JAG2, 

CCND1, JUN, FOS, 

PTK2

hsa05225
Hepatocellular 

carcinoma
1,4658371 7,8e-08

LEF1, TCF7L2, 

E2F2

EGFR, CCND1, 

FZD6, WNT10A, 

MET, NQO1

hsa05216 Thyroid cancer 3,7364475 7,8e-08 LEF1, TCF7L2
PPARG, CDH1, 

CCND1

hsa04380
Osteoclast 

differentiation
2,0490196 8,7e-08 FYN, LCK

MAPK13, IL1B, 

FOS, JUN, FOSL1, 

PPP3CA, FHL2, 

PPARG

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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hsa05410
Hypertrophic 

cardiomyopathy
2,5985294 2,2e-07 ITGA4

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, LMNA, 

PRKAG2, EDN1

hsa04625

C-type lectin 

receptor signaling 

pathway
1,8721569 2,4e-07

RRAS, CASP1, 

PYCARD, IL1B, 

PPP3CA, MAPK13, 

JUN

hsa05414
Dilated 

cardiomyopathy
1,9124183 2,5e-07 ITGA4

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, LMNA

hsa05132
Salmonella 

infection
2,2993523 2,9e-07

LEF1, TCF7L2, 

CYFIP2, 

PIK3CG, 

PTPRC

MAPK13, IL1B, 

FOS, JUN, 

PYCARD, CASP1, 

NCKAP1, MYO6, 

SNX9, AHNAK2, 

AHNAK, RRAS, 

KLC3, TUBA4A, 

TUBB6

hsa05210 Colorectal cancer 1,9798319 3,6e-07 LEF1, TCF7L2
CCND1, JUN, FOS, 

EGFR

hsa04926
Relaxin signaling 

pathway
2,3685278 4,4e-07 COL1A2

GNG12, EDN1, 

GNAI1, VEGFC, 

COL4A1, COL4A2, 

FOS, JUN, 

MAPK13, EGFR

hsa05135 Yersinia infection 2,2181450 4,5e-07
WIPF1, ITGA4, 

LCK

ITGB1, PTK2, 

PYCARD, CASP1, 

IL1B, FOS, JUN, 

MAPK13

hsa04934 Cushing syndrome 1,7064969 1,3e-06
LEF1, TCF7L2, 

E2F2

FZD6, EGFR, 

GNAI1, CCND1, 

AHR, WNT10A

hsa05224 Breast cancer 1,9963305 1,5e-06
LEF1, TCF7L2, 

E2F2

EGFR, JAG1, JAG2, 

FOS, JUN, CCND1, 

FZD6, WNT10A

ID
Term  
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Fold 
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hsa04015
Rap1 signaling 

pathway
2,1705193 1,9e-06

APBB1IP, 

ITGAL, ITGB2

EFNA1, VEGFC, 

EGFR, EPHA2, 

FGFR3, MET, 

MAPK13, CDH1, 

ITGB1, ADORA2B, 

GNAI1, RRAS, ID1, 

THBS1

hsa04928

Parathyroid 

hormone synthesis, 

secretion and 
1,6938562 2,8e-06

GNAI1, MMP14, 

EGFR, CYP24A1, 

FOS, EGR1, SGK1

hsa05417
Lipid and 

atherosclerosis
1,5963043 3,3e-06

FOS, JUN, IL1B, 

MAPK13, PYCARD, 

CASP1, CXCL1, 

CXCL2, PPP3CA, 

HSPA2, PTK2, 

PPARG

hsa05131 Shigellosis 2,1173203 3,7e-06
TIFA, FNBP1, 

HCLS1

IL1B, MAPK13, 

JUN, PYCARD, 

CASP1, C3, CTTN, 

ITGB1, CD44, 

PTK2, ACTN1, 

CAPN2, EGFR, HK1

hsa05221
Acute myeloid 

leukemia
1,6938562 4,5e-06 LEF1, TCF7L2 JUP, CCND1

hsa05215 Prostate cancer 2,0443092 5,4e-06
LEF1, TCF7L2, 

E2F2, ZEB1

CCND1, EGFR, 

PLAU

hsa04371
Apelin signaling 

pathway
1,8148459 6,8e-06 PIK3CG

PRKAG2, GNAI1, 

GNG12, RRAS, 

CCND1, EGR1, 

JAG1, CDH1

hsa05418
Fluid shear stress 

and atherosclerosis
2,1014006 7,9e-06

MAPK13, FOS, 

JUN, NQO1, ASS1, 

IL1B, EDN1, PTK2, 

SDC1, SDC4, 

DUSP1

ID
Term  
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Fold 
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hsa05163

Human 

cytomegalovirus 

infection
1,2640718 7,9e-06 CXCR4, E2F2

EGFR, GNG12, 

PPP3CA, GNAI1, 

CCND1, IL1B, 

PTK2, MAPK13

hsa04360 Axon guidance 2,1689622 8,1e-06 CXCR4, FYN

GNAI1, PPP3CA, 

PTK2, ITGB1, 

EPHA2, EFNA1, 

MET, SEMA3C, 

RHOD, RRAS, 

SSH3, ABLIM1

hsa05167

Kaposi sarcoma-

associated 

herpesvirus 

infection

1,8982871 8,6e-06
E2F2, PIK3CG, 

LEF1, TCF7L2

C3, GNG12, 

CXCL1, CXCL2, 

PPP3CA, FOS, JUN, 

CCND1, MAPK13

hsa05235

PD-L1 expression 

and PD-1 

checkpoint 
1,8591105 1,2e-05 LCK

FOS, JUN, PPP3CA, 

EGFR, MAPK13

hsa05323
Rheumatoid 

arthritis
2,5407843 1,3e-05

HLA-DPB1, 

ITGAL, ITGB2

IL1B, CXCL1, 

CXCL2, FOS, JUN

hsa04611 Platelet activation 1,9378863 1,5e-05

APBB1IP, 

PIK3CG, 

COL1A2, 

FERMT3, FYN

ITGA2, ITGB1, 

MAPK13, GNAI1

hsa05171

Coronavirus 

disease - 

COVID-19
1,6814014 1,6e-05

IL1B, FOS, JUN, 

EGFR, MAPK13, 

CASP1, C1R, C1S, 

C3

hsa04064
NF-κB signaling 

pathway
2,0443092 1,8e-05 LCK

IL1B, LTBR, PLAU, 

CXCL1, CXCL2, 

PPP1R13L

hsa04621
NOD-like receptor 

signaling pathway
1,2437406 1,8e-05

PYCARD, CASP1, 

IL1B, MAPK13, 

JUN, CXCL1, 

CXCL2

hsa05142 Chagas disease 1,5716192 2,3e-05
C3, MAPK13, FOS, 

JUN, IL1B, GNAI1

hsa05140 Leishmaniasis 3,4647059 3,5e-05
ITGA4, ITGB2, 

HLA-DPB1

ITGB1, C3, IL1B, 

FOS, MAPK13, JUN

ID
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hsa05100
Bacterial invasion 

of epithelial cells
2,4702070 4,4e-05 HCLS1

CTNNA1, CDH1, 

CTTN, ITGB1, 

PTK2, MET

hsa04660
T-cell receptor 

signaling pathway
1,5332319 4,7e-05

FYN, LCK, 

PTPRC

FOS, JUN, PPP3CA, 

MAPK13

hsa05230
Central carbon 

metabolism in 
1,5879902 5,2e-05

EGFR, FGFR3, 

MET, HK1

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,2633734 5,4e-05

EGFR, FOS, JUN, 

AHR, CCND1, 

KLF5, KLF4, JAG1, 

GNAI1

hsa05170

Human 

immunodeficiency 

virus 1 infection
1,1107254 5,4e-05 CXCR4

GNG12, PPP3CA, 

GNAI1, PTK2, 

MAPK13, FOS, JUN

hsa05169
Epstein-Barr virus 

infection
1,1355461 5,8e-05

HLA-DPB1, 

ITGAL, VIM, 

E2F2

CD44, MAPK13, 

JUN, CCND1

hsa05217 Basal cell 

carcinoma
1,6392157 7,0e-05 LEF1, TCF7L2 WNT10A, FZD6

hsa05120

Epithelial cell 

signaling in 

Helicobacter pylori 

infection

3,4129939 7,5e-05 CSK

MAPK13, JUN, 

CXCL1, CXCL2, 

MET, F11R, TJP1, 

EGFR

hsa04921
Oxytocin signaling 

pathway
1,5635596 8,7e-05 PIK3CG

PRKAG2, PPP3CA, 

JUN, FOS, CCND1, 

GNAI1, EGFR

hsa05218 Melanoma 1,8148459 9,8e-05 E2F2
CDH1, CCND1, 

EGFR, MET

hsa04936
Alcoholic liver 

disease
1,8682238 1,1e-04 LEF1, TCF7L2

IL1B, PRKAG2, 

MAPK13, CCND1, 

C3, CXCL1, 

CXCL2, ALDH3A2

hsa04014
Ras signaling 

pathway
1,0394118 1,1e-04 RASAL3

RRAS, EFNA1, 

VEGFC, EGFR, 

EPHA2, FGFR3, 

MET, GNG12

ID
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hsa04020
Calcium signaling 

pathway
0,9197409 1,1e-04 CXCR4

PPP3CA, EGFR, 

FGFR3, MET, 

ADORA2B, ASPH, 

VEGFC

hsa04912
GnRH signaling 

pathway
1,8148459 1,4e-04 CGA

MAPK13, MMP14, 

EGFR, JUN, EGR1

hsa04658
Th1 and Th2 cell 

differentiation
2,3913264 1,4e-04

LCK, HLA-

DPB1

PPP3CA, MAPK13, 

JUN, FOS, JAG1, 

JAG2

hsa04620
Toll-like receptor 

signaling pathway
1,0477461 1,4e-04

MAPK13, IL1B, 

FOS, JUN

hsa04659
Th17 cell 

differentiation
2,0125024 1,5e-04

LCK, HLA-

DPB1

PPP3CA, MAPK13, 

JUN, FOS, IL1B, 

AHR

hsa04061

Viral protein 

interaction with 

cytokine and 

cytokine receptor

1,4436275 1,9e-04 CXCR4
CXCL1, CXCL2, 

IL20RB, LTBR

hsa04814 Motor proteins 1,7436755 2,0e-04 MYO1G

TUBA4A, TUBB6, 

KLC3, MYO1B, 

MYO1C, MYO6

hsa04514
Cell adhesion 

molecules
3,0009264 2,2e-04

PTPRC, 

ITGB2, 

ITGAL, 

ITGA4, 

ICAM2, HLA-

DPB1

ITGB1, ITGA6, 

NECTIN2, CDH1, 

SDC1, SDC4, 

PTPRF, F11R, 

CLDN4

hsa04916 Melanogenesis 1,6217772 2,4e-04 LEF1, TCF7L2
GNAI1, FZD6, 

WNT10A, EDN1

hsa04115
p53 signaling 

pathway
1,4518768 2,7e-04

SFN, THBS1, 

CCND1, PPP1R13L

hsa04060
Cytokine-cytokine 

receptor interaction
0,8469281 2,8e-04 CXCR4

IL20RB, IL1B, 

LTBR, CXCL16, 

TNFRSF12A, 

CXCL1, CXCL2, 

GDF15

ID
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hsa05134 Legionellosis 3,7841469 3,0e-04 ITGB2

PYCARD, CASP1, 

IL1B, C3, CXCL1, 

CXCL2

hsa00220
Arginine 

biosynthesis
2,3098039 3,3e-04 ASS1, ARG1

hsa04974
Protein digestion 

and absorption
3,6296919 3,4e-04

COL1A2, 

COL6A3

ATP1B1, COL4A1, 

COL4A2

hsa04935

Growth hormone 

synthesis, secretion 

and action
0,9498259 3,5e-04

FOS, PTK2, 

MAPK13, GNAI1

hsa05208

Chemical 

carcinogenesis - 

ROS
1,0698039 4,3e-04

EGFR, MET, NQO1, 

PTK2, FOS, JUN, 

MAPK13, AHR

hsa04392

Hippo signaling 

pathway - multiple 

species
8,1668067 4,4e-04 RASSF2

WWC1, FRMD6, 

YAP1, WWTR1, 

LATS2, TEAD4, 

RASSF4, AJUBA

hsa04932
Non-alcoholic fatty 

liver disease
1,1046888 4,5e-04

PRKAG2, FOS, 

JUN, IL1B, 

MAPK13, PPARG

hsa04725
Cholinergic 

synapse
1,7934948 4,8e-04

CHAT, 

PIK3CG, FYN

GNAI1, GNG12, 

FOS

hsa04724
Glutamatergic 

synapse
0,8469281 4,8e-04

GNAI1, GNG12, 

PPP3CA

hsa05219 Bladder cancer 4,1201908 4,8e-04 E2F2
THBS1, EGFR, 

CDH1, FGFR3, 

hsa05166

Human T-cell 

leukemia virus 1 

infection
1,7293296 5,3e-04

ITGAL, 

ITGB2, E2F2, 

HLA-DPB1, 

LCK

PPP3CA, LTBR, 

JUN, CCND1, FOS, 

EGR1, FOSL1, 

MMP7

hsa05144 Malaria 3,7182209 5,4e-04 ITGAL, ITGB2
SDC1, MET, 

THBS1, IL1B

hsa04068
FoxO signaling 

pathway
1,2394070 5,5e-04

PRKAG2, EGFR, 

CCND1, PLK2, 

SGK1, MAPK13
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hsa04024
cAMP signaling 

pathway
0,8675849 5,5e-04 CGA

ATP1B1, GNAI1, 

RRAS, FOS, JUN, 

EDN1

hsa04066
HIF-1 signaling 

pathway
1,0163137 6,6e-04

EGFR, HK1, EDN1, 

LTBR

hsa04917
Prolactin signaling 

pathway
1,5398693 6,6e-04 CGA

MAPK13, CCND1, 

FOS

hsa05162 Measles 0,8130510 7,6e-04
IL1B, CCND1, FOS, 

JUN

hsa01521
EGFR TKI 

resistance
1,4518768 7,9e-04

EGFR, MET, 

FGFR3, GAS6

hsa04148 Efferocytosis 2,4286909 7,9e-04

GULP1, ITGB5, 

PTK2, GAS6, 

P2RY2, THBS1, 

PPARG, ARG1, 

ADAM9, DUSP5, 

MAPK13, SGK1, 

CASP1

hsa04623
Cytosolic DNA-

sensing pathway
1,3611345 8,7e-04

IL1B, PYCARD, 

CASP1

hsa04728
Dopaminergic 

synapse
1,0951657 9,2e-04

GNAI1, GNG12, 

MAPK13, FOS, 

PPP3CA

hsa04210 Apoptosis 1,2703922 9,3e-04

CAPN2, LMNA, 

JUN, FOS, CTSV, 

TUBA4A

hsa04012
ErbB signaling 

pathway
1,0300477 9,5e-04 EGFR, PTK2, JUN

hsa04370
VEGF signaling 

pathway
1,4658371 1,2e-03

PPP3CA, PTK2, 

MAPK13

hsa04960

Aldosterone-

regulated sodium 

reabsorption
2,5407843 1,2e-03

ATP1B1, SGK1, 

SFN

hsa04726
Serotonergic 

synapse
1,2547083 1,3e-03

GNAI1, GNG12, 

DUSP1, APP

hsa04713
Circadian 

entrainment
0,9295552 1,3e-03

GNG12, GNAI1, 

FOS
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hsa05223 NSCLC 1,5879902 1,6e-03 E2F2
CCND1, EGFR, 

MET

hsa05231
Choline 

metabolism in 
1,4274069 1,7e-03

EGFR, SLC44A3, 

PLPP3, FOS, JUN

hsa04022
cGMP-PKG 

signaling pathway
0,6820897 1,8e-03 PIK3CG

PPP3CA, ATP1B1, 

GNAI1

hsa05161 Hepatitis B 0,6730554 1,9e-03 E2F2 FOS, JUN, MAPK13

hsa04145 Phagosome 2,1173203 2,1e-03
ITGB2, HLA-

DPB1

C1R, ITGB1, 

ITGB5, ITGA2, 

TUBA4A, TUBB6, 

C3, THBS1

hsa04924 Renin secretion 1,2919242 2,4e-03
GNAI1, PPP3CA, 

EDN1

hsa04723

Retrograde 

endocannabinoid 

signaling
0,7190899 3,1e-03

GNAI1, GNG12, 

MAPK13

hsa04650

Natural killer cell 

mediated 

cytotoxicity
1,8478431 3,3e-03

FYN, LAT2, 

LCK, CD48, 

ICAM2, 

ITGB2, ITGAL

PPP3CA

hsa04540 Gap junction 1,6715686 4,0e-03

GNAI1, TJP1, 

TUBB6, TUBA4A, 

EGFR

hsa00562
Inositol phosphate 

metabolism
0,7259384 4,2e-03 PIK3CG INPP1

hsa04613

Neutrophil 

extracellular trap 

formation
1,4247389 4,5e-03

HMGB1, 

ITGB2, ITGAL

CASP1, C3, 

MAPK13

hsa04722
Neurotrophin 

signaling pathway
0,4619608 4,7e-03 JUN, MAPK13

hsa04640
Hematopoietic cell 

lineage
1,8148459 5,6e-03

ITGA4, HLA-

DPB1

ITGA6, ITGA2, 

CD44, IL1B

hsa05168
Herpes simplex 

virus 1 infection
0,4252359 6,2e-03

HLA-DPB1, 

ZNF100, 

ZNF92, ZFP82, 

ZNF107

NECTIN2, C3, IL1B
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hsa04261
Adrenergic 

signaling in 
0,7528250 6,4e-03 PIK3CG

ATP1B1, GNAI1, 

MAPK13

hsa04072
Phospholipase D 

signaling pathway
0,9139512 6,7e-03 PIK3CG, FYN

RRAS, EGFR, 

PLPP3

hsa05164 Influenza A 0,7259384 6,7e-03 HLA-DPB1
PYCARD, CASP1, 

IL1B

hsa04217 Necroptosis 1,4004323 6,7e-03 HMGB1

PYGL, IL1B, 

PYCARD, CASP1, 

CAPN2, CHMP4C

hsa04218
Cellular 

senescence
1,0441579 7,3e-03 E2F2

RRAS, CCND1, 

MAPK13, CAPN2, 

PPP3CA

hsa05321
Inflammatory 

bowel disease
1,3141988 8,6e-03 HLA-DPB1 IL1B, JUN

hsa05212 Pancreatic cancer 1,0889076 9,0e-03 E2F2 EGFR, CCND1

hsa05214 Glioma 1,0889076 9,0e-03 E2F2 EGFR, CCND1

hsa05206
MicroRNAs in 

cancer
1,1637180 9,3e-03

ZEB1, E2F2, 

VIM

MET, CCND1, 

EGFR, CYP24A1, 

CD44, PLAU, 

EFNA1, THBS1, 

FGFR3

hsa04662
B-cell receptor 

signaling pathway
1,6715686 1,1e-02

CD72, 

PIK3AP1
FOS, JUN, PPP3CA

hsa04664
Fc epsilon RI 

signaling pathway
0,8196078 1,2e-02 FYN MAPK13

hsa04213

Longevity 

regulating pathway 

- multiple species
0,4793933 1,6e-02 PRKAG2

hsa05416 Viral myocarditis 2,4909650 1,8e-02

HLA-DPB1, 

ITGAL, 

ITGB2, FYN
CCND1

hsa01523 Antifolate 

resistance
1,2098973 1,9e-02 IL1B

hsa05160 Hepatitis C 0,8701316 2,1e-02 E2F2
CLDN4, IFIT1, 

EGFR, CCND1

hsa05211 Renal cell 

carcinoma
0,7939951 2,2e-02 MET, JUN
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hsa04920
Adipocytokine 

signaling pathway
0,3849673 2,2e-02 PRKAG2

hsa04071
Sphingolipid 

signaling pathway
0,7057734 2,2e-02 FYN GNAI1, MAPK13

hsa04914

Progesterone-

mediated oocyte 

maturation
0,5031256 2,2e-02 GNAI1, MAPK13

hsa04211
Longevity 

regulating pathway
0,6197035 2,3e-02 PRKAG2, PPARG

hsa04630
JAK-STAT 

signaling pathway
0,4763971 2,5e-02

IL20RB, EGFR, 

CCND1

hsa04919
Thyroid hormone 

signaling pathway
0,4705156 2,6e-02 ATP1B1, CCND1

hsa05034 Alcoholism 0,7057734 2,6e-02
GNAI1, GNG12, 

ADORA2B

hsa05031
Amphetamine 

addiction
1,2294118 2,8e-02 PPP3CA, FOS, JUN

hsa04152
AMPK signaling 

pathway
0,6745445 3,0e-02

PRKAG2, PPARG, 

CCND1

hsa04730
Long-term 

depression
0,4981930 3,0e-02 GNAI1

hsa05020 Prion disease 0,9942199 3,2e-02 FYN

LAMC1, EGR1, 

IL1B, KLC3, 

TUBA4A, TUBB6, 

PPP3CA, MAPK13

hsa04137 Mitophagy - 

animal
0,8285166 3,5e-02 OPTN, RRAS, JUN

hsa05202

Transcriptional 

misregulation in 

cancer
1,6778764 3,5e-02 ZEB1

PPARG, MET, 

NFKBIZ, PLAU, 

JUP, PTK2

hsa04672

Intestinal immune 

network for IgA 

production
2,7467939 3,6e-02

HLA-DPB1, 

ITGA4, 

CXCR4
LTBR

hsa04971
Gastric acid 

secretion
0,8761325 3,7e-02 ATP1B1, GNAI1

hsa04973

Carbohydrate 

digestion and 

absorption
1,1817601 3,9e-02 ATP1B1, HK1
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hsa04931 Insulin resistance 0,7777911 3,9e-02
PTPRF, PYGL, 

PRKAG2

hsa04720
Long-term 

potentiation
0,4165220 4,0e-02 PPP3CA

hsa04922
Glucagon signaling 

pathway
0,7400343 4,1e-02

PYGL, PPP3CA, 

PRKAG2

hsa04727
GABAergic 

synapse
0,7939951 4,2e-02 GNAI1, GNG12

hsa05415
Diabetic 

cardiomyopathy
0,2920442 4,3e-02 COL1A2 MAPK13

hsa05030 Cocaine addiction 1,0811848 4,4e-02 GNAI1, JUN

hsa05203
Viral 

carcinogenesis
1,1209343 4,4e-02

JUN, CCND1, GSN, 

ACTN1, C3, LTBR

hsa04550

Signaling 

pathways 

regulating 

pluripotency of 

1,3490890 4,6e-02

WNT10A, FZD6, 

KLF4, FGFR3, 

MAPK13, ID1

hsa04750

Inflammatory 

mediator 

regulation of TRP 
1,1681767 4,8e-02

P2RY2, IL1B, 

MAPK13, PRKCH

hsa05032
Morphine 

addiction
0,6961053 4,8e-02 GNAI1, GNG12

ID
Term  
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

￼221

Table 16. pathfindR pathway enrichment analysis for cetuximab utilizing the gene 
features of the pan-drug model trained with EGFR signaling inhibitors (Strategy 1) 
(continued) 



ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated

hsa04512
ECM-receptor 

interaction
6,9904693 2,7e-32

COL1A2, 

COL6A3, 

ITGA4

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, COL4A1, 

COL4A2, COL4A5, 

THBS1, ITGB1, 

ITGA6, SDC1, 

SDC4, ITGB6, 

ITGB5, CD44, 

ITGA2, AGRN, 

DSPP

hsa04510 Focal adhesion 3,7094488 2,7e-32

ITGA4, FYN, 

COL1A2, 

COL6A3

ITGB1, ITGB5, 

ITGB6, ITGA6, 

ITGA2, ACTN1, 

PTK2, CAPN2, 

COL4A1, COL4A2, 

COL4A5, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

THBS1, CCND1, 

EGFR, MET, 

VEGFC, JUN, EMP1

hsa04151
PI3K-Akt 

signaling pathway
2,2955844 1,5e-23

PIK3CG, 

ITGA4, 

COL1A2, 

COL6A3, 

MYB, 

PIK3AP1

EGFR, EPHA2, 

FGFR3, MET, 

CCND1, EFNA1, 

VEGFC, GNG12, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, COL4A1, 

COL4A2, COL4A5, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, THBS1, 

PTK2, SGK1
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hsa05165

Human 

papillomavirus 

infection
2,4253611 1,5e-21

ITGA4, 

COL1A2, 

COL6A3, 

HES6, MFNG, 

TCF7L2

EGFR, CCND1, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, COL4A1, 

COL4A2, COL4A5, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2, THBS1, 

PTK2, PRKCZ, 

LLGL2, PATJ, JAG1, 

FZD6, WNT10A

hsa05222
Small cell lung 

cancer
4,7753823 6,9e-20 E2F2

CCND1, ITGB1, 

ITGA6, ITGA2, 

PTK2, COL4A1, 

COL4A2, COL4A5, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2

hsa04820
Cytoskeleton in 

muscle cells
4,5457967 1,2e-15

ITGA4, VIM, 

COL1A2, 

COL6A3

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, DSG2, JUP, 

ATP1B1, LMNA, 

THBS1, COL4A1, 

COL4A2, COL4A5, 

AGRN, SDC1, 

SDC4, FHL2, ANK3

hsa05146 Amoebiasis 4,8865116 5,3e-15
ITGB2, 

COL1A2

IL1B, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

CXCL1, CXCL2, 

ARG1, COL4A1, 

COL4A2, COL4A5, 

ACTN1, PTK2, 

SERPINB6
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hsa04520 Adherens junction 3,8902899 1,8e-13
LEF1, 

TCF7L2, FYN

CDH1, CTNNA1, 

YES1, SNAI2, 

EGFR, MET, PTPRF, 

TJP1, ACTN1, 

NECTIN2, 

ARHGAP29

hsa04915
Estrogen signaling 

pathway
2,1797468 3,7e-13

EGFR, FOS, JUN, 

GNAI1, KRT23, 

KRT9, KRT13, 

KRT14, KRT15, 

KRT18, KRT19

hsa04390
Hippo signaling 

pathway
3,1194030 7,2e-13

ITGB2, LEF1, 

TCF7L2

WWC1, FRMD6, 

YAP1, WWTR1, 

LATS2, CTNNA1, 

PATJ, CDH1, 

LLGL2, TEAD4, 

AJUBA, PRKCZ, 

WNT10A, FZD6, 

CCND1, SNAI2, ID1

hsa05226 Gastric cancer 1,9131590 7,0e-12
LEF1, 

TCF7L2, E2F2

CCND1, FZD6, 

WNT10A, MET, 

CDH1, CTNNA1, 

JUP, EGFR

hsa05145 Toxoplasmosis 3,2737484 1,2e-11
HLA-DPB1, 

PIK3CG

MAPK13, GNAI1, 

ITGA6, ITGB1, 

LAMA3, LAMA5, 

LAMB1, LAMB2, 

LAMB3, LAMC1, 

LAMC2

hsa05213
Endometrial 

cancer
2,6861526 7,1e-11 LEF1, TCF7L2

CTNNA1, CDH1, 

EGFR, CCND1

hsa04062
Chemokine 

signaling pathway
1,5024243 9,4e-11

CXCR4, 

GRK3, 

DOCK2, 

PIK3CG

CXCL1, CXCL2, 

CXCL16, PTK2, 

GNAI1, GNG12, 

PRKCZ
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hsa05200
Pathways in 

cancer
2,0064581 1,6e-10

LEF1, 

TCF7L2, 

E2F2, CXCR4, 

CSF2RB

CDH1, WNT10A, 

CTNNA1, ITGB1, 

COL4A1, COL4A2, 

COL4A5, LAMA3, 

LAMA5, LAMB1, 

LAMB2, LAMB3, 

LAMC1, LAMC2, 

ITGA6, ITGA2, 

PTK2, FZD6, EGFR, 

MET, FGFR3, 

CCND1, JUN, FOS, 

MECOM, CTBP2, 

PPARG, JUP, 

VEGFC, GNG12, 

GNAI1, JAG1, 

JAG2, NQO1, 

IL13RA1, EDN1

hsa05205
Proteoglycans in 

cancer
2,5182680 6,2e-10

HCLS1, 

COL1A2

CD44, ANK3, RRAS, 

CTTN, CCND1, 

PLAU, PTK2, MET, 

THBS1, SDC1, 

ITGA2, ITGB1, 

ITGB5, FZD6, 

SDC4, MAPK13, 

EGFR, WNT10A

hsa04670

Leukocyte 

transendothelial 

migration
2,9649043 7,2e-10

ITGB2, 

ITGAL, 

ITGA4, NCF4, 

CXCR4

CLDN4, F11R, 

ITGB1, PTK2, 

MAPK13, CTNNA1, 

GNAI1, ACTN1

hsa04810
Regulation of 

actin cytoskeleton
2,2077966 1,1e-09

CYFIP2, 

ITGA4, 

ITGAL, 

ITGB2, 

CXCR4

NCKAP1, CYFIP1, 

SSH3, GSN, ACTN1, 

GNG12, PTK2, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, RRAS, 

EGFR, FGFR3
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hsa04933

AGE-RAGE 

signaling pathway 

in diabetic 

complications

3,4160853 2,4e-09 COL1A2

EGR1, MAPK13, 

EDN1, F3, IL1B, 

JUN, CCND1, 

COL4A1, COL4A2, 

COL4A5, VEGFC, 

PRKCZ

hsa05412

Arrhythmogenic 

right ventricular 

cardiomyopathy
3,9740339 2,5e-09

ITGA4, LEF1, 

TCF7L2

LMNA, DSG2, JUP, 

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, CTNNA1

hsa04010
MAPK signaling 

pathway
1,5392560 2,7e-09 MAP4K1

DUSP1, DUSP5, 

RRAS, GNG12, 

EGFR, EPHA2, 

FGFR3, MET, 

MAPK13, IL1B, 

MECOM, FOS, JUN, 

PPP3CA, EFNA1, 

VEGFC

hsa04668
TNF signaling 

pathway
2,3936013 2,8e-09

MAPK13, FOS, JUN, 

CXCL1, CXCL2, 

JAG1, IL1B, 

MMP14, EDN1, 

VEGFC

hsa05150
Staphylococcus 

aureus infection
4,2470250 5,4e-09

HLA-DPB1, 

ITGB2, 

ITGAL

C3, C1S, C1R, 

KRT23, KRT9, 

KRT13, KRT14, 

KRT15, KRT18, 

KRT19

hsa05133 Pertussis 4,5547804 1,1e-08 ITGB2, IRF8

ITGB1, IL1B, 

GNAI1, C1R, C1S, 

C3, MAPK13, FOS, 

JUN, CASP1, 

PYCARD
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hsa04530 Tight junction 2,5847883 1,3e-08 HCLS1

PATJ, TJP1, PRKCZ, 

F11R, ACTN1, 

MICALL2, RAB13, 

LLGL2, 

MARVELD3, 

CLDN4, PRKAG2, 

TUBA4A, JUN, 

CCND1, CTTN, 

ITGB1

hsa04657
IL-17 signaling 

pathway
2,2753292 2,0e-08

FOS, JUN, FOSL1, 

MAPK13, CXCL1, 

CXCL2, S100A7, 

IL1B

hsa05130

Pathogenic 

Escherichia coli 

infection
3,0743249 3,9e-08

HCLS1, FYN, 

WIPF1, 

CYFIP2, 

MYO1G

TUBA4A, CTTN, 

CLDN4, ITGB1, 

TUBB6, PYCARD, 

CASP1, IL1B, 

MAPK13, FOS, JUN, 

NCKAP1, CYFIP1, 

TJP1, MYO1B, 

MYO1C, MYO6

hsa04310
Wnt signaling 

pathway
1,8245565 5,7e-08 LEF1, TCF7L2

PPP3CA, FZD6, 

MMP7, CCND1, 

FOSL1, JUN, TLE1, 

CTBP2, DKK1, 

WNT10A

hsa04015
Rap1 signaling 

pathway
2,1867172 6,4e-08

APBB1IP, 

ITGAL, 

ITGB2

EFNA1, VEGFC, 

EGFR, EPHA2, 

FGFR3, MET, 

MAPK13, CDH1, 

ITGB1, ADORA2B, 

GNAI1, RRAS, ID1, 

THBS1, PRKCZ

hsa05225
Hepatocellular 

carcinoma
1,3947331 7,8e-08

LEF1, 

TCF7L2, E2F2

EGFR, CCND1, 

FZD6, WNT10A, 

MET, NQO1

hsa05216 Thyroid cancer 3,5552019 7,8e-08 LEF1, TCF7L2
PPARG, CDH1, 

CCND1
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hsa04380
Osteoclast 

differentiation
2,3395522 8,7e-08

FYN, LCK, 

BTK, NCF4

MAPK13, IL1B, 

FOS, JUN, FOSL1, 

PPP3CA, FHL2, 

PPARG

hsa04926
Relaxin signaling 

pathway
2,6633886 9,2e-08 COL1A2

GNG12, PRKCZ, 

EDN1, GNAI1, 

VEGFC, COL4A1, 

COL4A2, COL4A5, 

FOS, JUN, MAPK13, 

EGFR

hsa01522
Endocrine 

resistance
2,7163341 1,1e-07 E2F2

EGFR, MAPK13, 

JAG1, JAG2, 

CCND1, JUN, FOS, 

BIK, PTK2

hsa05410
Hypertrophic 

cardiomyopathy
2,4724813 2,2e-07 ITGA4

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, LMNA, 

PRKAG2, EDN1

hsa05135 Yersinia infection 2,1105484 2,3e-07
WIPF1, 

ITGA4, LCK

ITGB1, PTK2, 

PYCARD, CASP1, 

IL1B, FOS, JUN, 

MAPK13

hsa05414
Dilated 

cardiomyopathy
1,8196517 2,5e-07 ITGA4

ITGA6, ITGA2, 

ITGB1, ITGB5, 

ITGB6, LMNA

hsa04330
Notch signaling 

pathway
2,5009007 3,5e-07 DTX1, MFNG

TLE1, CTBP2, 

JAG1, JAG2

hsa05210 Colorectal cancer 1,8837953 3,6e-07 LEF1, TCF7L2
CCND1, JUN, FOS, 

EGFR

hsa04625

C-type lectin 

receptor signaling 

pathway
1,7813433 6,0e-07

RRAS, CASP1, 

PYCARD, IL1B, 

PPP3CA, MAPK13, 

JUN
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hsa05132
Salmonella 

infection
2,2972074 9,5e-07

LEF1, 

TCF7L2, 

CYFIP2, 

PIK3CG, 

PTPRC

MAPK13, IL1B, 

FOS, JUN, 

PYCARD, CASP1, 

NCKAP1, CYFIP1, 

MYO6, SNX9, 

AHNAK2, AHNAK, 

RRAS, KLC3, 

TUBA4A, TUBB6

hsa04360 Axon guidance 2,2111622 1,0e-06 CXCR4, FYN

GNAI1, PPP3CA, 

PTK2, ITGB1, 

EPHA2, EFNA1, 

MET, SEMA3C, 

RHOD, RRAS, 

PRKCZ, SSH3, 

ABLIM1

hsa04934 Cushing syndrome 1,6237191 1,3e-06
LEF1, 

TCF7L2, E2F2

FZD6, EGFR, 

GNAI1, CCND1, 

AHR, WNT10A

hsa05417
Lipid and 

atherosclerosis
1,6454442 1,4e-06 NCF4

FOS, JUN, IL1B, 

MAPK13, PYCARD, 

CASP1, CXCL1, 

CXCL2, PPP3CA, 

HSPA2, PTK2, 

PPARG

hsa05418

Fluid shear stress 

and 

atherosclerosis
2,1812367 1,5e-06

MAPK13, FOS, JUN, 

NQO1, PRKCZ, 

ASS1, IL1B, EDN1, 

PTK2, SDC1, SDC4, 

DUSP1

hsa05224 Breast cancer 1,8994936 1,5e-06
LEF1, 

TCF7L2, E2F2

EGFR, JAG1, JAG2, 

FOS, JUN, CCND1, 

FZD6, WNT10A

hsa05131 Shigellosis 2,0146144 1,7e-06
TIFA, FNBP1, 

HCLS1

IL1B, MAPK13, 

JUN, PYCARD, 

CASP1, C3, CTTN, 

ITGB1, CD44, PTK2, 

ACTN1, CAPN2, 

EGFR, HK1
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hsa04611 Platelet activation 2,2536365 2,1e-06

APBB1IP, 

PIK3CG, 

COL1A2, 

FERMT3, 

FYN, BTK

ITGA2, ITGB1, 

MAPK13, GNAI1, 

PRKCZ

hsa05221
Acute myeloid 

leukemia
1,6116915 4,5e-06 LEF1, TCF7L2 JUP, CCND1

hsa04928

Parathyroid 

hormone 

synthesis, 

secretion and 

action

1,6116915 4,6e-06

GNAI1, MMP14, 

EGFR, CYP24A1, 

FOS, EGR1, SGK1

hsa05215 Prostate cancer 1,9451450 5,4e-06

LEF1, 

TCF7L2, 

E2F2, ZEB1

CCND1, EGFR, 

PLAU

hsa05140 Leishmaniasis 3,6629353 6,0e-06

ITGA4, 

ITGB2, HLA-

DPB1, NCF4

ITGB1, C3, IL1B, 

FOS, MAPK13, JUN

hsa05142 Chagas disease 1,4953839 6,5e-06
C3, MAPK13, FOS, 

JUN, IL1B, GNAI1

hsa05120

Epithelial cell 

signaling in 

Helicobacter 

pylori infection

3,2474382 8,0e-06 CSK

MAPK13, JUN, 

CXCL1, CXCL2, 

MET, F11R, TJP1, 

EGFR

hsa05167

Kaposi sarcoma-

associated 

herpesvirus 

infection

1,8062060 8,6e-06

E2F2, 

PIK3CG, 

LEF1, TCF7L2

C3, GNG12, CXCL1, 

CXCL2, PPP3CA, 

FOS, JUN, CCND1, 

MAPK13

hsa05171

Coronavirus 

disease - 

COVID-19
1,5998409 8,9e-06

IL1B, FOS, JUN, 

EGFR, MAPK13, 

CASP1, C1R, C1S, 

C3

hsa05100
Bacterial invasion 

of epithelial cells
2,3503835 9,6e-06 HCLS1

CTNNA1, CDH1, 

CTTN, ITGB1, 

PTK2, MET
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hsa04621
NOD-like receptor 

signaling pathway
1,1834099 1,0e-05

PYCARD, CASP1, 

IL1B, MAPK13, 

JUN, CXCL1, 

CXCL2

hsa04974
Protein digestion 

and absorption
4,1443497 1,0e-05

COL1A2, 

COL6A3

ATP1B1, COL4A1, 

COL4A2, COL4A5

hsa04371
Apelin signaling 

pathway
1,7268124 1,1e-05 PIK3CG

PRKAG2, GNAI1, 

GNG12, RRAS, 

CCND1, EGR1, 

JAG1, CDH1

hsa05323
Rheumatoid 

arthritis
2,4175373 1,2e-05

HLA-DPB1, 

ITGAL, 

ITGB2

IL1B, CXCL1, 

CXCL2, FOS, JUN

hsa05235

PD-L1 expression 

and PD-1 

checkpoint 

pathway in cancer

1,7689297 1,2e-05 LCK
FOS, JUN, PPP3CA, 

EGFR, MAPK13

hsa05163

Human 

cytomegalovirus 

infection
1,2027549 1,5e-05 CXCR4, E2F2

EGFR, GNG12, 

PPP3CA, GNAI1, 

CCND1, IL1B, 

PTK2, MAPK13

hsa04064
NF-κB signaling 

pathway
2,2230228 1,6e-05 BTK, LCK

IL1B, LTBR, PLAU, 

CXCL1, CXCL2, 

PPP1R13L

hsa05169
Epstein-Barr virus 

infection
1,2155216 4,6e-05

HLA-DPB1, 

ITGAL, VIM, 

E2F2, BTK

CD44, MAPK13, 

JUN, CCND1

hsa04660
T-cell receptor 

signaling pathway
1,4588587 4,7e-05

FYN, LCK, 

PTPRC

FOS, JUN, PPP3CA, 

MAPK13

hsa05230

Central carbon 

metabolism in 

cancer
1,5109608 5,2e-05

EGFR, FGFR3, MET, 

HK1

hsa05217
Basal cell 

carcinoma
1,5597015 7,0e-05 LEF1, TCF7L2 WNT10A, FZD6
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hsa04936
Alcoholic liver 

disease
1,7776010 8,1e-05 LEF1, TCF7L2

IL1B, PRKAG2, 

MAPK13, CCND1, 

C3, CXCL1, CXCL2, 

ALDH3A2

hsa04620
Toll-like receptor 

signaling pathway
0,9969226 8,6e-05

MAPK13, IL1B, 

FOS, JUN

hsa04659
Th17 cell 

differentiation
1,9148810 8,7e-05

LCK, HLA-

DPB1

PPP3CA, MAPK13, 

JUN, FOS, IL1B, 

AHR

hsa05207

Chemical 

carcinogenesis - 

receptor activation
1,2020904 9,4e-05

EGFR, FOS, JUN, 

AHR, CCND1, 

KLF5, KLF4, JAG1, 

GNAI1

hsa05170

Human 

immunodeficiency 

virus 1 infection
1,1889528 9,4e-05

CXCR4, 

AP1S2

GNG12, PPP3CA, 

GNAI1, PTK2, 

MAPK13, FOS, JUN

hsa04514
Cell adhesion 

molecules
2,8553590 9,4e-05

PTPRC, 

ITGB2, 

ITGAL, 

ITGA4, 

ICAM2, HLA-

DPB1

ITGB1, ITGA6, 

NECTIN2, CDH1, 

SDC1, SDC4, 

PTPRF, F11R, 

CLDN4

hsa05218 Melanoma 1,7268124 9,8e-05 E2F2
CDH1, CCND1, 

EGFR, MET

hsa04921
Oxytocin 

signaling pathway
1,4877153 1,0e-04 PIK3CG

PRKAG2, PPP3CA, 

JUN, FOS, CCND1, 

GNAI1, EGFR

hsa04014
Ras signaling 

pathway
0,9889925 1,1e-04 RASAL3

RRAS, EFNA1, 

VEGFC, EGFR, 

EPHA2, FGFR3, 

MET, GNG12

hsa04020
Calcium signaling 

pathway
0,8751266 1,1e-04 CXCR4

PPP3CA, EGFR, 

FGFR3, MET, 

ADORA2B, ASPH, 

VEGFC

hsa04630
JAK-STAT 

signaling pathway
0,7554804 1,5e-04 CSF2RB

IL13RA1, IL20RB, 

EGFR, CCND1
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hsa01521
EGFR TKI 

resistance
1,3814499 1,5e-04

EGFR, MET, FGFR3, 

GAS6

hsa04658
Th1 and Th2 cell 

differentiation
2,2753292 1,6e-04

LCK, HLA-

DPB1

PPP3CA, MAPK13, 

JUN, FOS, JAG1, 

JAG2

hsa04912
GnRH signaling 

pathway
1,7268124 1,9e-04 CGA

MAPK13, MMP14, 

EGFR, JUN, EGR1

hsa04061

Viral protein 

interaction with 

cytokine and 

cytokine receptor

1,3736007 1,9e-04 CXCR4
CXCL1, CXCL2, 

IL20RB, LTBR

hsa04814 Motor proteins 1,6590942 2,0e-04 MYO1G

TUBA4A, TUBB6, 

KLC3, MYO1B, 

MYO1C, MYO6

hsa04916 Melanogenesis 1,5431089 2,4e-04 LEF1, TCF7L2
GNAI1, FZD6, 

WNT10A, EDN1

hsa05134 Legionellosis 3,6005875 2,5e-04 ITGB2

PYCARD, CASP1, 

IL1B, C3, CXCL1, 

CXCL2

hsa04932
Non-alcoholic 

fatty liver disease
1,0511032 2,5e-04

PRKAG2, FOS, JUN, 

IL1B, MAPK13, 

PPARG

hsa04060

Cytokine-cytokine 

receptor 

interaction
0,9849226 2,8e-04

CSF2RB, 

CXCR4

IL20RB, IL1B, 

LTBR, IL13RA1, 

CXCL16, 

TNFRSF12A, 

CXCL1, CXCL2, 

GDF15

hsa00220
Arginine 

biosynthesis
2,1977612 3,3e-04 ASS1, ARG1

hsa04115
p53 signaling 

pathway
1,3814499 4,4e-04

SFN, THBS1, 

CCND1, PPP1R13L

hsa04392

Hippo signaling 

pathway - 

multiple species
7,7706557 4,4e-04 RASSF2

WWC1, FRMD6, 

YAP1, WWTR1, 

LATS2, TEAD4, 

RASSF4, AJUBA
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hsa04725
Cholinergic 

synapse
1,7064969 4,8e-04

CHAT, 

PIK3CG, FYN

GNAI1, GNG12, 

FOS

hsa04724
Glutamatergic 

synapse
1,0744610 4,8e-04 GRK3

GNAI1, GNG12, 

PPP3CA

hsa05219 Bladder cancer 3,9203308 4,8e-04 E2F2

THBS1, EGFR, 

CDH1, FGFR3, 

CCND1

hsa04935

Growth hormone 

synthesis, 

secretion and 

action

0,9037523 4,9e-04
FOS, PTK2, 

MAPK13, GNAI1

hsa04623
Cytosolic DNA-

sensing pathway
1,2951093 5,9e-04

IL1B, PYCARD, 

CASP1

hsa05144 Malaria 3,5378595 5,9e-04
ITGAL, 

ITGB2

SDC1, MET, THBS1, 

IL1B

hsa05162 Measles 0,7736119 6,0e-04
IL1B, CCND1, FOS, 

JUN

hsa04066
HIF-1 signaling 

pathway
0,9670149 6,6e-04

EGFR, HK1, EDN1, 

LTBR

hsa05208

Chemical 

carcinogenesis - 

ROS
1,0179104 6,6e-04

EGFR, MET, NQO1, 

PTK2, FOS, JUN, 

MAPK13, AHR

hsa04917
Prolactin signaling 

pathway
1,4651741 7,3e-04 CGA

MAPK13, CCND1, 

FOS

hsa05166

Human T-cell 

leukemia virus 1 

infection
1,6454442 8,4e-04

ITGAL, 

ITGB2, E2F2, 

HLA-DPB1, 

LCK

PPP3CA, LTBR, 

JUN, CCND1, FOS, 

EGR1, FOSL1, 

MMP7

hsa04068
FoxO signaling 

pathway
1,1792865 8,5e-04

PRKAG2, EGFR, 

CCND1, PLK2, 

SGK1, MAPK13

hsa04024
cAMP signaling 

pathway
0,8255005 9,0e-04 CGA

ATP1B1, GNAI1, 

RRAS, FOS, JUN, 

EDN1

hsa04728
Dopaminergic 

synapse
1,0420419 9,2e-04

GNAI1, GNG12, 

MAPK13, FOS, 

PPP3CA
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hsa04148 Efferocytosis 2,3108813 1,2e-03

GULP1, ITGB5, 

PTK2, GAS6, 

P2RY2, THBS1, 

PPARG, ARG1, 

ADAM9, DUSP5, 

MAPK13, SGK1, 

CASP1

hsa04370
VEGF signaling 

pathway
1,3947331 1,3e-03

PPP3CA, PTK2, 

MAPK13

hsa04012
ErbB signaling 

pathway
0,9800827 1,4e-03 EGFR, PTK2, JUN

hsa04210 Apoptosis 1,4102301 1,4e-03 CSF2RB

CAPN2, LMNA, 

JUN, FOS, CTSV, 

TUBA4A

hsa04960

Aldosterone-

regulated sodium 

reabsorption
2,4175373 1,5e-03 ATP1B1, SGK1, SFN

hsa05223 NSCLC 1,5109608 1,6e-03 E2F2
CCND1, EGFR, 

MET

hsa04540 Gap junction 1,5904851 1,7e-03

GNAI1, TJP1, 

TUBB6, TUBA4A, 

EGFR

hsa04726
Serotonergic 

synapse
1,1938456 1,8e-03

GNAI1, GNG12, 

DUSP1, APP

hsa04022
cGMP-PKG 

signaling pathway
0,6490033 1,8e-03 PIK3CG

PPP3CA, ATP1B1, 

GNAI1

hsa04713
Circadian 

entrainment
0,8844649 1,8e-03

GNG12, GNAI1, 

FOS

hsa04924 Renin secretion 1,2292563 2,4e-03
GNAI1, PPP3CA, 

EDN1

hsa05231

Choline 

metabolism in 

cancer
1,3581670 2,4e-03

EGFR, SLC44A3, 

PLPP3, FOS, JUN

hsa05161 Hepatitis B 0,6404072 2,7e-03 E2F2 FOS, JUN, MAPK13
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hsa04145 Phagosome 2,2160759 3,3e-03
ITGB2, NCF4, 

HLA-DPB1

C1R, ITGB1, ITGB5, 

ITGA2, TUBA4A, 

TUBB6, C3, THBS1

hsa05212 Pancreatic cancer 1,0360874 3,8e-03 E2F2 EGFR, CCND1

hsa04071
Sphingolipid 

signaling pathway
0,8953842 4,1e-03 FYN

GNAI1, PRKCZ, 

MAPK13

hsa04723

Retrograde 

endocannabinoid 

signaling
0,6842087 4,1e-03

GNAI1, GNG12, 

MAPK13

hsa00562
Inositol phosphate 

metabolism
0,6907249 4,2e-03 PIK3CG INPP1

hsa04650

Natural killer cell 

mediated 

cytotoxicity
1,7582090 4,2e-03

FYN, LAT2, 

LCK, CD48, 

ICAM2, 

ITGB2, 

ITGAL

PPP3CA

hsa04217 Necroptosis 1,3325009 4,5e-03 HMGB1

PYGL, IL1B, 

PYCARD, CASP1, 

CAPN2, CHMP4C

hsa04613

Neutrophil 

extracellular trap 

formation
1,5815665 4,6e-03

HMGB1, 

ITGB2, NCF4, 

ITGAL

CASP1, C3, 

MAPK13

hsa04931 Insulin resistance 0,9867499 4,7e-03
PTPRF, PRKCZ, 

PYGL, PRKAG2

hsa04722
Neurotrophin 

signaling pathway
0,4395522 5,4e-03 JUN, MAPK13

hsa05164 Influenza A 0,6907249 5,8e-03 HLA-DPB1
PYCARD, CASP1, 

IL1B

hsa05168
Herpes simplex 

virus 1 infection
0,4046088 6,2e-03

HLA-DPB1, 

ZNF100, 

ZNF92, 

ZFP82, 

ZNF107

NECTIN2, C3, IL1B

hsa05032
Morphine 

addiction
0,9935085 6,5e-03 GRK3 GNAI1, GNG12

hsa05321
Inflammatory 

bowel disease
1,2504503 7,7e-03 HLA-DPB1 IL1B, JUN
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hsa04910
Insulin signaling 

pathway
0,9298220 7,7e-03

PTPRF, PRKAG2, 

PYGL, HK1, PRKCZ

hsa04261

Adrenergic 

signaling in 

cardiomyocytes
0,7163074 8,0e-03 PIK3CG

ATP1B1, GNAI1, 

MAPK13

hsa05020 Prion disease 1,0511032 8,2e-03 FYN, NCF4

LAMC1, EGR1, 

IL1B, KLC3, 

TUBA4A, TUBB6, 

PPP3CA, MAPK13

hsa04640
Hematopoietic 

cell lineage
1,7268124 8,2e-03

ITGA4, HLA-

DPB1

ITGA6, ITGA2, 

CD44, IL1B

hsa04072
Phospholipase D 

signaling pathway
0,8696177 8,3e-03 PIK3CG, FYN

RRAS, EGFR, 

PLPP3

hsa04218
Cellular 

senescence
0,9935085 9,2e-03 E2F2

RRAS, CCND1, 

MAPK13, CAPN2, 

PPP3CA

hsa04664
Fc epsilon RI 

signaling pathway
1,1697761 1,0e-02 FYN, BTK MAPK13

hsa05214 Glioma 1,0360874 1,1e-02 E2F2 EGFR, CCND1

hsa05160 Hepatitis C 0,8279237 1,2e-02 E2F2
CLDN4, IFIT1, 

EGFR, CCND1

hsa05415
Diabetic 

cardiomyopathy
0,5557557 1,2e-02

NCF4, 

COL1A2
MAPK13, PRKCZ

hsa05206
MicroRNAs in 

cancer
1,1072690 1,3e-02

ZEB1, E2F2, 

VIM

MET, CCND1, 

EGFR, CYP24A1, 

CD44, PLAU, 

EFNA1, THBS1, 

FGFR3

hsa04662
B-cell receptor 

signaling pathway
1,9085821 1,3e-02

BTK, CD72, 

PIK3AP1
FOS, JUN, PPP3CA

hsa05030 Cocaine addiction 1,0287393 1,4e-02 GNAI1, JUN

hsa01523
Antifolate 

resistance
1,1512082 1,7e-02 IL1B
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hsa04213

Longevity 

regulating 

pathway - 

multiple species

0,4561391 1,9e-02 PRKAG2

hsa05416 Viral myocarditis 2,3701346 2,1e-02

HLA-DPB1, 

ITGAL, 

ITGB2, FYN
CCND1

hsa05031
Amphetamine 

addiction
1,1697761 2,2e-02 PPP3CA, FOS, JUN

hsa04211

Longevity 

regulating 

pathway
0,5896432 2,3e-02 PRKAG2, PPARG

hsa04622

RIG-I-like 

receptor signaling 

pathway
0,3608265 2,4e-02 MAPK13

hsa05211
Renal cell 

carcinoma
0,7554804 2,4e-02 MET, JUN

hsa04920
Adipocytokine 

signaling pathway
0,3662935 2,4e-02 PRKAG2

hsa04914

Progesterone-

mediated oocyte 

maturation
0,4787203 2,7e-02 GNAI1, MAPK13

hsa05340
Primary 

immunodeficiency
3,1194030 3,0e-02

BTK, PTPRC, 

LCK, RFXAP

hsa04144 Endocytosis 1,4128465 3,0e-02
CXCR4, 

GRK3, WIPF1

CHMP4C, PRKCZ, 

EGFR, FGFR3, 

RAB11FIP5, ASAP2

hsa04152
AMPK signaling 

pathway
0,6418241 3,0e-02

PRKAG2, PPARG, 

CCND1

hsa04730
Long-term 

depression
0,4740269 3,0e-02 GNAI1

hsa04919
Thyroid hormone 

signaling pathway
0,4476921 3,1e-02 ATP1B1, CCND1

hsa05034 Alcoholism 0,6715381 3,1e-02
GNAI1, GNG12, 

ADORA2B
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hsa05202

Transcriptional 

misregulation in 

cancer
1,5964869 3,3e-02 ZEB1

PPARG, MET, 

NFKBIZ, PLAU, 

JUP, PTK2

hsa04930
Type II diabetes 

mellitus
1,2723881 3,5e-02 PRKCZ, HK1

hsa04672

Intestinal immune 

network for IgA 

production
2,6135539 3,6e-02

HLA-DPB1, 

ITGA4, 

CXCR4
LTBR

hsa04971
Gastric acid 

secretion
0,8336336 3,7e-02 ATP1B1, GNAI1

hsa04750

Inflammatory 

mediator 

regulation of TRP 

channels

1,1115114 3,9e-02
P2RY2, IL1B, 

MAPK13, PRKCH

hsa04137
Mitophagy - 

animal
0,7883274 4,0e-02 OPTN, RRAS, JUN

hsa04720
Long-term 

potentiation
0,3963176 4,0e-02 PPP3CA

hsa04727
GABAergic 

synapse
0,7554804 4,2e-02 GNAI1, GNG12

hsa04973

Carbohydrate 

digestion and 

absorption
1,1244360 4,5e-02 ATP1B1, HK1

hsa04922
Glucagon 

signaling pathway
0,7041371 4,7e-02

PYGL, PPP3CA, 

PRKAG2

ID
Term 
Description

Fold 
Enrichment

lowest_p Up regulated Down regulated
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APPENDIX 3:  Associations between CNA status and drug resistance 

Gene Symbol OR p-value

PAPSS2 6,43 0,003983105192262734

BAG3 6,19 0,004113611749071865

IFIT1 6,03 0,004362061506488537

COL17A1 6,03 0,004362061506488537

PLAU 5,87 0,007133122105907046

HHEX 5,87 0,007133122105907046

PCBD1 5,72 0,00723329062860378

MYOF 5,64 0,0073624606414624

FAM241B 5,49 0,012506661146092456

TSPAN15 5,49 0,012506661146092456

SRGN 5,27 0,012419704730508036

HTRA1 4,27 0,010125420865656772

PLEKHA1 4,27 0,010125420865656772

TACC2 4,21 0,016227594338153954

ACSL5 4,11 0,016209847740137985

TCF7L2 4,11 0,016209847740137985

DUSP5 3,85 0,026985326648223586

DPCD 3,80 0,026919055526623874

TAF5 3,70 0,027209763799450986

PIK3AP1 3,60 0,028067798630273144

PDLIM1 3,56 0,04375719500729744

ANK3 3,56 0,04375719500729744

DKK1 3,51 0,04350248786099126

AVPI1 3,46 0,043448673556278114
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Gene Symbol OR p-value

CFL2 4,69 5,081433839242822e-08

PRKD1 4,66 8,56091581914088e-08

AJUBA 4,58 2,4707215031305434e-07

MAP4K1 4,55 6,44468236955747e-07

BMP4 4,50 1,6180355671897593e-07

AXL 4,49 6,901133074580304e-07

FERMT2 4,47 1,661251641090647e-07

FRMD6 4,39 2,9560694722027296e-07

GMFG 4,26 8,715208145880064e-07

RRAS 4,22 3,3587310481866544e-06

C19orf33 4,15 1,4835304187574832e-06

SPINT2 4,15 1,4835304187574832e-06

PYGL 4,12 6,293393801903408e-07

ATF5 4,09 5,676801028705717e-06

LIMCH1 4,08 2,4512552258918705e-06

BLVRB 4,05 2,512965597840349e-06

BCAR3 3,96 9,510909892105268e-06

LRRC8C 3,93 9,61085197388555e-06

ARHGAP29 3,93 9,61085197388555e-06

F3 3,91 9,844237943507272e-06

CNN3 3,91 9,844237943507272e-06

BATF 3,88 8,116994959611325e-07

PLPP2 3,85 3,181742070821569e-06

LSR 3,85 3,181742070821569e-06

FOS 3,81 1,3404317746720272e-06

LGALS3 3,81 1,3404317746720272e-06

ARHGAP45 3,75 5,294783798212752e-06
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ARID3A 3,75 5,294783798212752e-06

MOB3A 3,68 8,573468812891452e-06

LGMN 3,68 1,5741937126662551e-06

IFI27 3,66 2,574981175317691e-06

CD53 3,64 1,9540424252448987e-05

SIX4 3,64 2,5774625780843076e-06

KLK1 3,62 1,988728796619056e-05

FAM114A1 3,57 1,4411183726243418e-05

NECTIN2 3,57 1,4411183726243418e-05

PNMA8A 3,55 1,4788944394444845e-05

IGFLR1 3,54 1,0119988819226802e-05

SLC16A4 3,53 3,2108395919985387e-05

ID1 3,51 5,163221610177107e-07

LYL1 3,46 5,126182757309181e-05

CARD8 3,46 2,397011002176386e-05

CD70 3,42 3,82266488122667e-05

VAV1 3,42 3,82266488122667e-05

PTPN22 3,40 3,8177924913033976e-05

C3 3,40 3,8177924913033976e-05

HSPA2 3,38 5,469477943552048e-06

BCL11B 3,36 8,553513521852822e-06

BDNF 3,33 2,8213454308595425e-05

MOCOS 3,31 3,482723474317755e-06

CD59 3,31 2,9052132969316526e-05

EMB 3,30 2,011662628146173e-05

RAB17 3,27 0,00017161360369053816

RBM47 3,27 4,48616756031473e-05

Gene Symbol OR p-value
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CHI3L2 3,25 6,431523059007829e-05

DENND2D 3,25 6,431523059007829e-05

CDS1 3,25 2,1881002974407114e-05

ACAP1 3,24 9,577464269147405e-06

GPX2 3,22 1,5005448029448967e-05

PTGFRN 3,21 4,785606697545499e-05

CLDN7 3,21 1,0324355060549617e-05

PPP3CA 3,21 2,2744406513530162e-05

MGST2 3,18 2,4293831284739977e-05

LAMB2 3,16 1,0513938129910519e-05

PIMREG 3,13 1,6915260123358668e-05

SH3PXD2B 3,13 7,526868406796156e-05

PPARG 3,13 1,6915260123358668e-05

IQGAP2 3,13 0,00015388826494810716

RHPN2 3,11 5,497368721441369e-05

GNA11 3,11 5,497368721441369e-05

RASAL3 3,11 0,0001544177761992473

MDK 3,11 0,0001544177761992473

GNG7 3,09 8,290279458207295e-05

CKB 3,08 2,6925874883877594e-05

GIPC1 3,07 0,0001603687867180443

AHNAK2 3,06 2,756410430021426e-05

RFTN1 3,06 2,756410430021426e-05

ANXA2 3,05 8,429474442507451e-05

DHRS3 3,03 0,00012099390445192873

MAP1B 3,03 0,00023961819507490174

MITF 3,03 1,8791424271917532e-05

Gene Symbol OR p-value
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SVIL 3,03 2,8640959030444736e-05

BAMBI 3,03 2,8640959030444736e-05

DSPP 3,03 4,192305715906043e-05

CD44 3,03 8,634153554329955e-05

OSBPL1A 3,02 2,8966446675692328e-05

TAF4B 3,02 1,9145235932137343e-05

APBB1IP 3,02 2,8966446675692328e-05

CCL3 3,01 0,00024163540212807967

LMO2 2,99 0,0001314351618934765

GATA6 2,98 6,556770015841987e-05

MFAP4 2,97 3,070817644056558e-05

ADGRL2 2,97 0,00037106919401136613

NUP210 2,97 4,577537760942657e-05

FJX1 2,96 0,00013468335698758416

VEGFC 2,96 4,7329099629449175e-05

GPX8 2,94 0,00013835716195963876

SNX7 2,94 0,0002795232199245255

TLCD1 2,94 0,0002795232199245255

STAP2 2,94 0,00013835716195963876

PLK2 2,94 0,00013835716195963876

RAB34 2,94 0,0002795232199245255

MLPH 2,93 0,0004914542862495707

YES1 2,93 3,237962460378655e-05

LAMA3 2,91 4,923906591110208e-05

ANXA3 2,89 0,00010563871033372174

CD151 2,89 0,00010563871033372174

ITGA2 2,89 0,00014930028543893065

Gene Symbol OR p-value
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TSPAN4 2,89 0,00010563871033372174

TGIF1 2,89 3,377118562434714e-05

TMC4 2,88 0,0002085658298800406

CDH2 2,87 3,51597926845458e-05

CXCL2 2,87 0,00010786492287210282

TRIM22 2,87 0,00015165395912139287

SATB1 2,86 7,74913519862489e-05

PDGFC 2,86 0,00011461871543020976

ITPR1 2,86 5,2979077825686e-05

NMU 2,86 0,0001111804189013088

TMEM98 2,85 0,00042786441931499475

PLEK2 2,84 7,868785233654939e-05

CDC42BPB 2,84 7,868785233654939e-05

DSG2 2,84 3,6139575464875995e-05

ADA 2,82 2,1430481703997206e-05

UACA 2,82 0,0002324628627009189

PLCL2 2,81 8,352382767371508e-05

PROSER2 2,81 8,255562651046297e-05

TMEM51 2,81 0,0003204932707963296

CCND1 2,81 8,352382767371508e-05

THAP10 2,80 0,000234654009439914

NTN4 2,80 0,00139131708652148

CDCP1 2,80 8,369321410305579e-05

HACD1 2,80 8,369321410305579e-05

LARP6 2,80 0,000234654009439914

ACTN1 2,79 0,00012389038600485325

TNNT1 2,79 0,0003252354075652026

Gene Symbol OR p-value

￼245

Table 19. Table of associations between CNA status and 5-FU resistance (continued) 



LEF1 2,79 0,00012124628040503114

LOX 2,78 0,0003329882148432277

EVI2B 2,78 0,0003329882148432277

TMEM131L 2,78 0,00018119989330188943

NFIB 2,77 3,080317938804086e-05

NAV2 2,77 0,00024573743981889354

PTPRM 2,76 6,046147919744074e-05

PPIC 2,76 0,0004882829989075886

MND1 2,76 0,00018166447585902273

RBM11 2,75 0,00025820533370554016

RHOD 2,75 0,00025820533370554016

SLFN11 2,75 0,0006493260371330247

JUP 2,74 0,0004884982492393793

NRIP1 2,74 0,0002601660770519664

ADORA2B 2,74 8,984459572277992e-05

IFI30 2,74 0,0006534777148429196

TJP1 2,73 0,00036022267248425664

PARVA 2,72 0,0002645358452090272

TNFAIP8 2,72 0,0004930761058351523

KRT15 2,72 0,0004930761058351523

MYO1F 2,72 0,0004930761058351523

KRT19 2,72 0,0004930761058351523

SAMSN1 2,72 0,0002645358452090272

STARD10 2,71 0,00019648256819218516

GDF15 2,70 0,0006789868483020865

PMP22 2,69 0,0001402981664638441

ATP8B1 2,69 5,567050989165651e-05

Gene Symbol OR p-value

￼246

Table 19. Table of associations between CNA status and 5-FU resistance (continued) 



PALLD 2,69 0,00019848048894500938

PREX1 2,68 5,69281047939222e-05

SHROOM3 2,68 0,0002846480255786225

SCARB2 2,68 0,0002846480255786225

ANXA5 2,68 0,0002846480255786225

P3H4 2,67 0,0007382623224058333

ADGRA3 2,67 0,0003992702923407126

FKBP10 2,67 0,0007382623224058333

CXCL1 2,66 0,0002888310931523048

CRIP2 2,65 0,00021172635297913572

SERPINH1 2,65 0,00021172635297913572

AKR1C1 2,65 0,00015011640961202404

HTATIP2 2,65 0,0005524287121288075

DOCK2 2,65 0,0005524287121288075

AREG 2,65 0,0002956096210966914

FOSL1 2,63 0,0005612141155172828

CPE 2,63 0,0003076748273108565

AKR1C2 2,63 0,00022200023151845494

TIFA 2,63 0,0003076748273108565

IFTAP 2,63 0,0005612141155172828

ARMH1 2,61 0,0018639799694397663

TSPAN8 2,60 0,001872074303162927

P2RX5 2,60 0,00022674582753247317

LUM 2,60 0,001872074303162927

SDC4 2,60 9,603937560401715e-05

GRAMD2B 2,59 0,0011060945990207514

ITGB1 2,58 0,00023217695492087301

Gene Symbol OR p-value
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VIM 2,58 0,00023217695492087301

JUN 2,58 0,0014572713485740628

ITGA6 2,58 0,003460456582810915

TRIM2 2,57 0,0004728475675668677

CTTN 2,57 0,00033226499197019184

MTCL1 2,57 0,0002362053063331618

CELF2 2,57 0,0002362053063331618

WWC1 2,57 0,0008385253207771411

SULF2 2,56 9,93986197760777e-05

BEND5 2,56 0,0014776569862311436

ATP9A 2,56 9,93986197760777e-05

CENPV 2,55 0,0002413520160264947

BST2 2,54 0,001641475437536807

TACSTD2 2,54 0,0021397411712895152

RAB31 2,54 0,0002486393426456968

THBS1 2,54 0,0009160268681112723

SERPINE2 2,52 0,0027278357942437876

TBC1D10C 2,52 0,0006746382175669528

MYO1C 2,52 0,0003643164843184079

MAGI1 2,52 0,0002488119621352871

PTPRF 2,51 0,0021336744362755156

CEP15 2,51 0,0002531607995896679

WWC2 2,49 0,0003717533850893728

STAT5A 2,49 0,0012598368084143392

AP1M2 2,49 0,0012598368084143392

CTDSPL 2,49 0,0005366906824957704

FN1 2,49 0,0027937522071696764

Gene Symbol OR p-value
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ADAMTS1 2,48 0,0013682689792152368

TUBB6 2,48 0,00038016026081189025

CD276 2,48 0,0010008886298872193

LOXL1 2,46 0,001007024123170836

RBM38 2,46 0,00024219169581614719

FAT1 2,46 0,00039174596256122364

SSBP2 2,46 0,0018231557083772847

SQOR 2,46 0,001363177240110283

RASSF2 2,46 0,000270105735017489

TM6SF1 2,46 0,0007394731842433309

TPM1 2,45 0,0013683481979701677

HYI 2,44 0,003097603432206119

GNG12 2,43 0,0031164829641750144

MEF2C 2,42 0,0014094826088402734

RAG1 2,42 0,0014094826088402734

IGFBP2 2,42 0,004007813791098916

GALNT3 2,42 0,004007813791098916

EFEMP1 2,41 0,003157336417597761

MEN1 2,41 0,0018735852379626852

PLPP3 2,41 0,0024508868565868845

TMBIM1 2,40 0,005671114428022635

CYFIP2 2,38 0,002661276481025297

PPM1H 2,36 0,004470249487873121

APP 2,36 0,0021913288740393728

PAM 2,36 0,00205013822295858

FERMT3 2,36 0,002675029775134667

SRXN1 2,35 0,0006281700511698794

Gene Symbol OR p-value

￼249

Table 19. Table of associations between CNA status and 5-FU resistance (continued) 



VAMP8 2,35 0,0057035715770571566

WIPF1 2,35 0,0057035715770571566

PINK1 2,34 0,0029329362460409998

ADM 2,34 0,0021860100533366775

CKAP4 2,34 0,005789147404234545

SEPSECS 2,33 0,0016395756205296506

CTSZ 2,33 0,0004194095099726527

EPSTI1 2,32 0,0009271009495277065

BACE2 2,31 0,0022205244322998714

SLC17A9 2,31 0,0006487263696265651

TGFBI 2,30 0,004981267960774359

PXK 2,29 0,0009563761524047857

PAPSS2 2,29 0,0023622921585425747

ST8SIA4 2,28 0,0030055396468474907

CCL28 2,27 0,0009720273512174912

P4HA2 2,27 0,003936389241143331

MYO6 2,25 0,003201053923625333

N4BP2L1 2,25 0,0014270358739646755

PLAU 2,25 0,0034238066418099036

FAM241B 2,23 0,003418211455462491

KRTCAP3 2,23 0,008962028851912763

CSK 2,23 0,003418211455462491

ASAP2 2,23 0,005514573616678707

DOCK10 2,22 0,007086944026082452

IFIT1 2,22 0,0034341128177793412

NFE2L2 2,22 0,008990725476680244

MGST1 2,21 0,001989084310501768

Gene Symbol OR p-value
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FGFBP1 2,21 0,0026177364447594995

LPXN 2,20 0,005989903458392842

TSC22D1 2,20 0,0015082100661720776

HK1 2,20 0,00347152362893637

EAF2 2,20 0,003646977159508743

MBOAT2 2,20 0,007790275381265522

HVCN1 2,19 0,012581487237403715

CDKN2A 2,19 0,0010902800998742806

HCLS1 2,19 0,0036553178679107883

TOM1L1 2,19 0,002750929181550202

MYLK 2,19 0,0036553178679107883

ITGB5 2,19 0,0036553178679107883

SLAIN1 2,18 0,0015256222021316243

GULP1 2,18 0,009916371786522809

PHLDA1 2,18 0,009916371786522809

TFPI 2,18 0,009916371786522809

PRSS23 2,17 0,0029268152945716303

RAB11FIP5 2,17 0,01562755029290513

RAI14 2,17 0,0015197289913663004

ID2 2,17 0,00777004850769641

AFAP1 2,17 0,003863080915336622

HOXD13 2,16 0,01252862441062002

ELF1 2,16 0,0021609674825203

ANKRD1 2,16 0,004904777409015839

EPHA2 2,16 0,006479753675991196

MYOF 2,16 0,004904777409015839

UGT3A2 2,15 0,0022118779928772146

Gene Symbol OR p-value
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COL3A1 2,15 0,009991980851725608

PCBD1 2,15 0,0052260476902616145

ITGA4 2,15 0,009991980851725608

AHR 2,14 0,0014317250263740397

SPARC 2,13 0,01086287673743729

TNFSF13B 2,13 0,002221562951606004

AHNAK 2,13 0,008440883196855532

ANXA6 2,13 0,01086287673743729

CTNNA1 2,13 0,01086287673743729

DAB2 2,12 0,0022453393024268785

SRGN 2,12 0,006955376360665105

MAP7 2,11 0,0041081334861974

WLS 2,11 0,010851036501455906

AMIGO2 2,11 0,010851036501455906

NR2F2 2,11 0,0041081334861974

CLIP4 2,11 0,01733203908279707

MYO1B 2,10 0,013780716337657466

CCDC80 2,10 0,00417030196028584

GCSAM 2,09 0,00579636679694474

COL4A2 2,09 0,002314152443097373

CHST11 2,09 0,01730473395667995

ST14 2,08 0,003267670256777085

CD74 2,08 0,01100154425708224

RASSF4 2,08 0,00738260312908024

ZNF22 2,08 0,00738260312908024

EPS8 2,07 0,004398644223119914

FARP1 2,07 0,003286261034048092

Gene Symbol OR p-value
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PRXL2A 2,07 0,007391037471650555

COL4A1 2,07 0,003286261034048092

POGLUT3 2,06 0,004523858094839605

RHOBTB3 2,06 0,009190847730218034

EGR1 2,06 0,015016038614443512

EMP1 2,06 0,005826809345997201

ERRFI1 2,06 0,007439004727525098

MYB 2,06 0,005826809345997201

ARHGDIB 2,05 0,005889707030768514

NECTIN3 2,05 0,005889707030768514

KLF5 2,05 0,0033786252822527087

GPRC5A 2,05 0,005889707030768514

TANC1 2,04 0,018958434275629793

JAKMIP2 2,04 0,011866662580818463

BAG3 2,04 0,007526588783929068

SYTL2 2,04 0,006261658896657276

GAS2L3 2,03 0,023685849860354054

SPATS2L 2,03 0,018984552800121977

SDC1 2,03 0,015139367625047258

FLI1 2,03 0,004758181972858891

NCKAP1 2,03 0,015139367625047258

DYNLL1 2,03 0,018984552800121977

DKK 1,00 2,03 0,010339401521924505

POU3F2 2,02 0,007899944285254215

LIMA1 2,02 0,019102607916775073

PXDN 2,02 0,01622806086935365

ANXA4 2,02 0,019102607916775073

Gene Symbol OR p-value
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PLBD1 2,02 0,008173036240594383

TESC 2,02 0,019102607916775073

HSPB8 2,02 0,019102607916775073

UPP1 2,01 0,0034076648466529304

IRAG2 2,01 0,008524513847640497

TNFRSF12A 2,01 0,012704102451824528

NLRC3 2,01 0,012704102451824528

SPR 2,01 0,023858483475386254

RUBCNL 2,01 0,00482067168505877

SGK1 2,01 0,008188302497886615

CORO7 2,00 0,012827395050027224

AGR2 2,00 0,004529340131544032

TSPAN13 2,00 0,004529340131544032

PIK3AP1 1,99 0,010439612331441517

YAP1 1,99 0,006614733269865049

COL18A1 1,98 0,01057616994344832

RNASEH2B 1,98 0,006816356263136086

FHL2 1,97 0,02582165458779814

PDLIM1 1,97 0,014274951721507136

FNBP1 1,97 0,010956226074380623

MGLL 1,96 0,011073134844638843

VASN 1,96 0,01740489299387192

BLVRA 1,96 0,004901769534322364

BLM 1,96 0,011397004174574826

HTRA1 1,96 0,011073134844638843

MICALL2 1,96 0,004901769534322364

PLEKHA1 1,96 0,011073134844638843

Gene Symbol OR p-value
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FSTL1 1,95 0,015038869436505791

TWF1 1,95 0,022124361355346376

PCDH9 1,95 0,006905953979975017

RAB32 1,95 0,011866902167273943

COL8A1 1,95 0,015038869436505791

MYO1G 1,94 0,006837574819928797

DUSP2 1,94 0,02613225609066125

PHLDB2 1,93 0,01188389448611836

TPST1 1,93 0,007079455073344889

SFN 1,93 0,014491712636860263

TPBG 1,93 0,014491712636860263

CASP1 1,92 0,009414839349458913

TACC2 1,92 0,015057363444908052

POU2AF1 1,92 0,009559965006742402

NIBAN2 1,92 0,015057363444908052

BIN2 1,92 0,034800369106540344

KRT7 1,92 0,034800369106540344

AVPI1 1,92 0,01954876325230869

AEBP1 1,91 0,007110686740985474

NELL2 1,91 0,023628430825604497

WDFY4 1,91 0,015168046324709278

TNFAIP3 1,91 0,012083312414725463

KRT80 1,90 0,034857556819136055

TNC 1,90 0,01571890137577925

TCF7L2 1,90 0,01534655460223955

PAWR 1,90 0,029893616280680064

KRT81 1,90 0,034857556819136055

Gene Symbol OR p-value
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RILPL2 1,89 0,028380837893656044

NPDC1 1,89 0,020494710083148484

CHAT 1,89 0,020494710083148484

E2F2 1,88 0,01968543515061638

GYPC 1,88 0,037437451725445006

TIMP2 1,88 0,016384856146423987

RUNX3 1,88 0,01968543515061638

SLC43A1 1,88 0,025040832652029738

EPCAM 1,88 0,037437451725445006

SLC43A3 1,88 0,025040832652029738

BCL9L 1,88 0,013239373832527542

LGALS3BP 1,88 0,016384856146423987

SHTN1 1,87 0,0205007557706098

AKNA 1,87 0,016168767292418337

TMEM45A 1,86 0,021393118290481634

IGFBP6 1,86 0,04646320132078671

KRT8 1,86 0,04646320132078671

ASPHD1 1,86 0,030233410652096494

NT5E 1,86 0,020592046779958996

KRT18 1,85 0,046455389926261775

C16orf54 1,85 0,04000341390257748

TNFRSF21 1,85 0,025496944174856644

CLDN4 1,85 0,013488271113965528

FMNL2 1,84 0,03784764049351708

LY75 1,84 0,03784764049351708

ITPRIPL2 1,84 0,03992123596685215

TUSC3 1,84 0,010172624628348675

Gene Symbol OR p-value
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GAS6 1,84 0,013740570962944596

FES 1,84 0,022231096755560995

CLEC2D 1,84 0,022231096755560995

INHBB 1,83 0,049784954851602455

C1R 1,83 0,022239766294180213

CCDC28B 1,83 0,0320155822847873

C1S 1,83 0,022239766294180213

DCBLD2 1,82 0,0218066147160142

CCN2 1,82 0,022336417630240656

ABCC3 1,82 0,022336417630240656

NUPR1 1,81 0,04020476612386403

PLOD2 1,80 0,023664176790172693

PTPN6 1,80 0,022794348061579296

GPRC5C 1,80 0,022794348061579296

GLCCI1 1,80 0,013348853575986676

PRKCB 1,80 0,042327294675582994

CD3D 1,79 0,01878704843069236

FAM117A 1,79 0,02989079528931792

WIPI1 1,78 0,023952583805986943

ICA1 1,78 0,018231743265803825

METRN 1,78 0,03554383691739045

ICAM2 1,77 0,024232331976866202

ACSL5 1,77 0,02947851065147232

UGCG 1,77 0,03010969683928561

ALDH1A3 1,77 0,030881801691504458

EMP2 1,77 0,04457743123706435

IFI6 1,76 0,03703344623387968

Gene Symbol OR p-value
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GSN 1,76 0,038381380578870125

FTH1 1,76 0,04464630620164789

ST6GALNAC2 1,75 0,030991016538945843

GNAI1 1,75 0,019629231759650395

CNTRL 1,75 0,03843956252781229

ME1 1,75 0,037287625338066364

PTGR1 1,74 0,03977113854370233

GALNT11 1,74 0,025848000896277187

FUCA2 1,74 0,031210179489273696

GTF2IRD1 1,74 0,025580948333354163

LAT2 1,74 0,025580948333354163

SERINC2 1,74 0,04524470039940246

ARHGEF10 1,73 0,02518618374018598

SEMA3C 1,72 0,026132361823828842

ITGB2 1,72 0,04877235273639598

LRP11 1,72 0,04099630170877379

SOX9 1,72 0,0328530616293784

DUSP4 1,71 0,026400953007884337

MARCKS 1,71 0,04104891542687775

SUSD3 1,71 0,040137188813792024

CD9 1,70 0,041234829444845064

PRKAG2 1,69 0,03489195358726929

LTBR 1,68 0,053870394477331926

TM4SF1 1,64 0,057610030452848224

PPP3CC 1,64 0,04617947288032642

LAMB1 1,63 0,04666768246239733

TRIP6 1,63 0,04642602505986762

Gene Symbol OR p-value
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NRROS 1,63 0,04651960289872276

BAIAP2L1 1,63 0,046771858541076086

CTSB 1,63 0,046371091224976846

CAV2 1,61 0,047490787626765084

Gene Symbol OR p-value
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Gene Symbol OR p-value

XYLT1 4,03 0,0011302289032104238

ITPRIPL2 3,98 0,001151061603131553

PRKCB 3,44 0,0023144039793556613

HS3ST4 3,37 0,0036302230346763036

ASPHD1 3,29 0,0036320389089941844

C16orf54 3,26 0,0036684918772198006

NUPR1 3,2 0,005594227983982539

ITGAL 3,16 0,0055867602139632305

TGFB1I1 3,14 0,005614248474602529

UACA 3,08 0,0021112114127222375

CORO1A 3,07 0,008592529853150713

GIPC1 3,05 0,004340055453314377

EMP2 3,05 0,004340055453314377

POU3F2 2,86 0,0036585871421277024

POPDC3 2,86 0,0036585871421277024

JUP 2,85 0,005082239714507561

KRT19 2,83 0,005136860872907472

KRT15 2,83 0,005136860872907472

AP1M2 2,79 0,007733443032636823

FKBP10 2,78 0,007701913586761892

P3H4 2,78 0,007701913586761892

NLRC3 2,71 0,007825046388555907

TNFRSF12A 2,71 0,007825046388555907

ANXA2 2,67 0,00588745369153997

LARP6 2,66 0,005986742905315529

THAP10 2,66 0,005986742905315529

VASN 2,64 0,011590114060600221
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LYL1 2,62 0,011603988360062944

MARCKS 2,61 0,00629788860765517

CCL3 2,59 0,011735535494924444

SQOR 2,56 0,008911479401617914

TPM1 2,55 0,009039218439726802

MAP7 2,50 0,0069301311665923414

PLCG2 2,50 0,0069301311665923414

CD70 2,49 0,01306630952365235

VAV1 2,49 0,01306630952365235

C3 2,47 0,013153745850058803

TMEM51 2,46 0,013277885397994377

PTPN22 2,46 0,013277885397994377

RAI14 2,45 0,004994096287648542

STAT5A 2,44 0,013438869599841453

MYB 2,44 0,010326262825334087

CNKSR3 2,43 0,010347380247070805

PTPRK 2,43 0,010347380247070805

UGT3A2 2,42 0,005073020152826431

CD276 2,42 0,014287853810887347

JUN 2,41 0,025052504027628267

GNA11 2,41 0,01429982497551881

METRN 2,41 0,01917741748551264

LOXL1 2,41 0,01429982497551881

MYO1F 2,41 0,01917741748551264

SGK1 2,39 0,01058529448496421

CSK 2,38 0,014438458753640833

Gene Symbol OR p-value
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HOOK1 2,38 0,02509298275330364

TACSTD2 2,37 0,025207270990306736

WLS 2,37 0,025207270990306736

BEND5 2,37 0,025207270990306736

LRP11 2,36 0,015460260848477961

PTPRF 2,35 0,02538440653855817

SNX9 2,34 0,015428024713865264

MYOF 2,33 0,02106366731763873

CCN2 2,32 0,01548226651656542

CORO7 2,32 0,02791204574536754

TMEM98 2,32 0,02791204574536754

THBS1 2,31 0,02099982031870227

AKAP12 2,30 0,015568787150844662

TM6SF1 2,30 0,015568787150844662

HYI 2,29 0,035939993899973974

STAP2 2,28 0,02114066695001493

GNG12 2,28 0,035986504469043966

CYBA 2,27 0,016405182316252376

RASAL3 2,26 0,027958086377254013

SLFN11 2,26 0,027958086377254013

CNN3 2,25 0,028132421759223165

PTGFRN 2,24 0,02173716412621282

MICALL2 2,24 0,00820429885282492

FTH1 2,23 0,028372146091817443

LAPTM5 2,23 0,028372146091817443

SERPINH1 2,19 0,01742314740200212

Gene Symbol OR p-value
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RUNX3 2,18 0,030456050226507055

IRF8 2,18 0,02402281317646026

GDF15 2,18 0,03970437271435687

SERINC2 2,18 0,03970437271435687

E2F2 2,18 0,030456050226507055

EVI2B 2,17 0,030621733865391597

DAB2 2,17 0,01266108042478933

CAMK2N1 2,16 0,030854690548277816

PLPP2 2,16 0,03263310412015483

TNFAIP3 2,16 0,02412577043706035

PINK1 2,14 0,031155119419814123

WWTR1 2,13 0,02520249918279198

AFAP1 2,13 0,02444472859081484

CCDC28B 2,12 0,04066658560855228

PLPP3 2,12 0,04066658560855228

ARID3A 2,11 0,032830356089165624

FUCA2 2,11 0,024980791359767857

ARHGAP45 2,11 0,032830356089165624

DHRS3 2,10 0,043085920790253515

NQO1 2,08 0,03334121480710836

MOB3A 2,08 0,03334121480710836

CBFA2T3 2,08 0,025794883888811283

CD53 2,06 0,04362475081589075

AJUBA 2,06 0,03474245044254622

ERRFI1 2,06 0,04612899313885674

DENND2D 2,05 0,04397658079481634

Gene Symbol OR p-value
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CHI3L2 2,05 0,04397658079481634

TJP1 2,04 0,04611013998666569

RBM47 2,03 0,04617835660522318

IFTAP 2,02 0,04633375044751878

RHOD 2,02 0,03556702148773297

RAG1 2,02 0,04633375044751878

TBC1D10C 2,01 0,04881199253410558

FAM114A1 2,01 0,046576465572228734

Gene Symbol OR p-value
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