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Abstract 

Cancer heterogeneity leads to variability in treatment responses among patients. Precision 

medicine addresses this by tailoring treatments based on individual tumour molecular 

profiles. ML offers a promising approach for predicting drug responses, but is challenged by 

high-dimensional, low-sample datasets, requiring careful data preparation and analysis.   

This PhD project demonstrates successful ML application in predicting drug responses 

across four drug–cancer-type binomials. Since the predictive performance depends on the 

specific problem, it is important to incorporate diverse molecular profiles tailored to various 

ML algorithms to enhance the accuracy of drug response predictions. In atezolizumab-

treated mUC, CART-OMC trained on the discovery dataset achieved the highest performance, 

with an MCC of 0.437 in the validation set using just 29 genes. Univariate biomarkers such as 

TMB, TNB, and PD-L1 were less predictive (MCCs of 0, 0.316, and 0, respectively). When 

datasets were merged, LGBM-OMC outperformed top modelling approaches like EaSIeR 

(MCC ~ 0) and JADBio (MCC 0.179), achieving an MCC of 0.252. For taxane-anthracycline-

treated breast cancer, LR using mRNAs achieved an MCC of 0.396, with comparable 

performance on an independent dataset (MCC of 0.351). In doxorubicin-treated breast 

cancer, CART achieved MCCs of 0.56 and 0.32 using 4 isomiRs and 3 miRNAs, respectively. In 

gemcitabine-treated pancreatic cancer, RF-OMC with 4 mRNAs achieved an MCC of 0.44, 

while XGBoost with 12 CpG probes reached an MCC of 0.32.  

These findings demonstrate the robustness and generality of our proposed methodology, 

with strong predictive performance across four case studies. The ML models identified 

predictive, reproducible, and robust drug response signatures, aiding clinicians in identifying 

patients most likely to benefit from treatment to propose suitable drugs without delay while 

minimising the risk of side effects for patients unlike to respond. We have made our ML 

models publicly available for prospective validation on patients with the same drug-cancer 

types. 
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Chapter 1 

Introduction 

1.1 Motivation 

Urothelial carcinoma (UC) is the ninth most common type of cancer worldwide, affecting the 

urinary tract system. Its incidence is consistently rising, with about 600,000 new cases and 

200,000 global deaths (31.7%) in 2022[1]. 15% of patients are initially diagnosed with 

locally advanced or metastatic urothelial carcinoma (mUC), and just 5% of patients have a 5-

year survival rate in the metastatic setting[2], [3]. For decades, platinum-based 

chemotherapy has been the standard first-line treatment for mUC patients[4]. While this 

drug treatment has been shown to improve patient’s clinical outcomes, its toxicity has been 

a significant concern in clinical practice. More than 60% of patients with mUC are not eligible 

for this treatment due to their poor functional ability, as determined by Eastern Cooperative 

Oncology Group (ECOG) performance status, or other comorbidities such as advanced age, 

renal impairment, hearing loss, and heart failure[5]–[8].  

To address this clinical need, immune checkpoint inhibitors (ICIs) have become a promising 

alternative for cancer patients who have either progressed or have been considered ineligible 

for platinum-based chemotherapy. The U.S. Food and Drug Administration (FDA) has 

approved three categories of ICIs: two programmed cell death protein 1 (PD-1) inhibitors 

(nivolumab and pembrolizumab), three programmed cell death protein ligand 1 (PD-L1) 

inhibitors (atezolizumab, durvalumab, and avelumab), and cytotoxic T-lymphocyte-

associated antigen 4 (CTLA-4) inhibitors (Ipilimumab), in various solid tumours, including 

mUC[8]–[10].  

Atezolizumab is an Fc-engineered, humanised immunoglobulin G1 (IgG1) monoclonal 

antibody that binds to the PD-L1 protein expressed on the surface of tumour cells and other 

PD-L1-expressing cells, such as tumour-infiltrating immune cells (TICs). By binding to PD-

L1, atezolizumab inhibits its interaction with PD-1 receptors, mainly expressed in T-cells, 

thereby reactivating T-cell-mediated anti-tumour responses[11]. Although atezolizumab has 

considerably improved patient outcomes in several cancer types, including mUC[11]–[15], 

there is substantial heterogeneity in response to therapy. Most patients still do not respond 

to atezolizumab, experience immune-related adverse events (irAEs) at considerable cost and 

lack robust biomarkers. In the phase II IMvigor210 trial[2], the safety and efficacy of 

atezolizumab in mUC were first evaluated in patients who had progressed during or 

following platinum-based chemotherapy. The objective response rate (ORR) of these 

patients, defined as the proportion who achieved either a complete or partial response to 

treatment according to the response evaluation criteria in solid tumours (RECIST) version 

1.1, was low (14.8%), with only 5% exhibiting a complete response. Treatment-related 

adverse events occurred, leading to treatment discontinuation. Therefore, it is an urgent 

clinical need and an essential step to identify predictive biomarkers to select mUC patients 
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who are most likely to benefit from ICI-based therapy upfront. Doing so will enable the 

administration of promising drugs to eligible patients without delay while minimising the 

risk of immunological toxicities for those patients who are unlikely to respond to ICIs[16]. 

The majority of research on ICI response has focused primarily on univariate markers. 

Positive PD-L1 expression, high tumour mutational burden (TMB), and high tumour 

neoantigen burden (TNB) have been proposed as biomarkers that could potentially predict 

ICI response in multiple cancer types[17]–[22]. However, the results from these studies are 

often inconsistent. For example, other studies have reported no significant correlation 

between these biomarkers and the ICI treatment response[23], [24], and some studies have 

even demonstrated that the effect of ICI therapy is not only restricted to patients with high 

PD-L1 expression but also to those with low PD-L1 expression, who may also benefit from 

ICI treatment[25]–[29]. In addition, the cutoffs for PD-L1 positivity to select patients for ICI 
therapy vary within and between different cancer types, and there is a lack of a standard 

method for measuring PD-L1[30]. Despite immunohistochemistry (IHC) assay being used as 

a reference assay to evaluate the membrane expression of PD-L1, variations in PD-L1 testing 

kits, staining techniques, scoring systems, or components tested (tumour cells, TICs, or both), 

can lead to inconsistent results. Moreover, the measurement of TMB and TNB is challenging 
due to the cost and time-consuming of the process, as well as the lack of consensus in the 

methodologies used to consistently quantify TMB and TNB across different sequencing 

platforms and laboratories. Furthermore, establishing robust cutoffs for identifying a high 

burden varies across different cancer types[31], [32]. These present significant limitations 

to the use of PD-L1, TMB, and TNB as univariate markers in clinical practice[33]. 

The advances in high-throughput sequencing and microarray technologies characterising 

biological scales, spanning from whole tumour tissues to single cells, have led to the 

discovery of a wide range of biomarker strategies from detecting a single biomarker to 

developing multifactorial synergistic predictive biomarkers. These developments have 

generated an abundance of data and facilitated the growth of machine learning (ML) in 

precision oncology to aid in cancer detection and diagnosis, predict patient outcomes, and 

inform treatment planning[34]. ML, a subfield of artificial intelligence (AI), has been recently 

used as a promising approach that can efficiently improve the accuracy of clinical predictive 

models[35]–[37]. The ML-based model can identify the predictive combination of  features 

in high-dimensional data such as genomic, transcriptomic, and imaging, unlike traditional 

statistical approaches (e.g., Cox regression), which typically focus on a limited set of 

predictors such as tumour size, patient demographics, and biomarker expression levels[38]–

[41]. In recent years, several studies have developed multiple ML models predicting drug 

response, each tailored to specific cancer types and their treatment data. Our previous 

research has successfully developed predictive ML models for tumour response to 

chemotherapy in cell lines[42]–[44], patient-derived xenografts (PDXs)[45], and cancer 

patients[46] using high-dimensional multi-omics and/or clinicopathological data. We 

achieved maximum Matthew’s correlation coefficients (MCCs) slightly above 0.5 and 0.3 

using random forest (RF) with transcriptomic profiles [42], [45] and genomic profiles[43] on 
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preclinical pharmaco-omics data, respectively. Clinical pharmaco-omics datasets, which are 

the most relevant for the patient, are much less available to train and evaluate ML models. 

Thanks to the public availability of large-scale, multi-omics cancer databases (e.g., The 

Cancer Genome Atlas (TCGA); https://www.cancer.gov/tcga), Bomane et al.[46] were 

focused on predicting paclitaxel response in breast cancer patients, expanding their analysis 

to include 6 molecular profiles and 10 ML algorithms. Interestingly, decision tree (DT) and, 

eXtreme gradient boosting (XGBoost), when integrated with feature selection, demonstrated 

highly predictive models for this drug-cancer-type binomial, based on the miRNA and DNA 

methylation profiles (with an MCC of 0.25 for XGBoost_CGI methylation, 0.52 for DT_CpG 

methylation, and 0.43 for DT_miRNA). 

Beyond conventional chemotherapy response prediction, several studies have demonstrated 

the use of ML-based models for assessing the response to ICIs in cancer patients[47]–[52]. 

Nassar et al.[52] reported a multivariable logistic regression model that combined clinical 

and genomic features to predict the response to anti-PD1/anti-PD-L1 therapy among 62 mUC 

patients. However, the results require further validation due to the limited sample size and 

the lack of an independent validation cohort. Despite ICIs demonstrating meaningful 

antitumor activity, patient response to ICIs may be influenced by various biological factors, 

including complex interactions in the tumour microenvironment (TME)[53]. Charoentong et 

al.[50] focusing on the interactions between tumours and immune cells, developed an 

immune-related gene signature called the immunophenoscore. This score could be used to 

stratify patients who are likely to respond to CTLA-4 and PD-1 inhibitors. Lapuente-Santana 

et al.[48] developed Estimate Systems Immune Response (EaSIeR), a multi-task ML approach 

for predicting anti-PD-1/anti-PD-L1 response based on system-based signatures of the TME. 

While EaSIeR marks a significant advancement, it obtained an Area Under the Receiver 

Operating Characteristic Curve (ROC-AUC) of just 0.65 on the mUC cohort. This highlights the 

need for more predictive models. 

1.2 Aims and objectives  

To our knowledge, ML has not yet been applied to predict the response of mUC patients to 

atezolizumab. With this purpose, we retrospectively collected tumour gene expression 

profiles and clinical data of mUC patients treated with atezolizumab from two independent 

studies: the IMVigor210 phase II clinical trial (N = 298)[2] and the study by Snyder et al. (N 

= 22)[54]. Our objectives can be summarised as follows: 

Objective 1:  To develop a highly predictive and robust ML model that could identify 

responders and non-responders to atezolizumab in mUC patients based on their tumour 

gene expression profiles and clinical data. Since the predictive ability of ML algorithms 

generally depends on the specific problem, it is important to evaluate a range of ML 

algorithms for predicting atezolizumab response in mUC patients, to avoid missing the 

most predictive models due to limited algorithm choice. Eight regression algorithms were 

applied to build models with optimal model complexity (OMC) feature selection on the 
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IMvigor210 discovery dataset[2], which were then validated on the Snyder validation 

dataset[54]. 

Objective 2:  To compare the predictive performance of our best-performing model to 

univariate immunotherapy biomarkers, including TMB, TNB, and PD-L1 protein 

expression. 

Objective 3: To compare the predictive performance of our best-performing model to 

state-of-the-art ML drug response prediction models, including EaSIeR[48] and Just Add 

Data Bio (JADBio)[55]. 

Objective 4: To demonstrate the robustness and generality of the proposed ML 

methodology by extending its application to different chemotherapeutic drug-cancer-

type binomials: taxane-anthracyclines in breast cancer, doxorubicin in breast cancer, and 

gemcitabine in pancreatic adenocarcinoma (PAAD). In addition, we aim to demonstrate 

the advantages of incorporating diverse tumour molecular profiles, including mRNA, DNA 

methylation, copy number variations (CNVs), miRNAs and their isoform, tailored to 

various ML algorithms, to enhance the accuracy of drug response predictions. 

1.3 Thesis outline 

This thesis comprises the following chapters: 

Chapter 2: This chapter provides an extensive review of literature relevant to the thesis 

topic, starting with an overview of mUC, followed by ICIs in mUC, focusing on 

atezolizumab. The thesis then addresses clinical predictive biomarkers of response to 

ICIs, discussing PD-L1 protein expression, TMB, and TNB. An analysis of gene expression 

profiles in predicting ICI responses sets the stage for exploring the use of ML in cancer 

drug response prediction. This includes a review of ML fundamentals and data pre-

processing techniques. A detailed discussion on the use of regression algorithms for 

classification tasks is provided, covering a range of ML algorithms. Model building and 

validation techniques such as data splitting and cross-validation are covered, along with 

evaluation metrics to assess the model’s performance. Finally, the thesis also includes 

state-of-the-art ML drug response prediction models, including the EaSIeR and JADBio 

tools.  

Chapter 3: This chapter describes the materials and methods used in the study, 

beginning with the acquisition of gene expression profiles and clinical data, followed by 

data pre-processing steps, and the development and evaluation of our predictive ML 

models, as well as state-of-the-art-ML models like EaSIeR and JADBio for drug response 

prediction. The analysis extends to agglomerative hierarchical clustering, the 

construction of a protein-protein interaction (PPI) network, and the Wikipathway cancer 

and gene ontology (GO) pathway enrichment analysis to provide insights into molecular 

interactions and underlying biological processes associated with response to 

atezolizumab and its mechanism. Furthermore, the statistical tests used to assess the 

difference in research findings are also described. 
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Chapter 4: This chapter presents the key findings of the research. First, we identified the 

best-performing models developed on the discovery dataset, which accurately stratified 

responders and non-responders to atezolizumab among mUC patients on the validation 

dataset, based on their tumour gene expression profiles and clinical data. These models 

were then compared to univariate immunotherapy biomarkers, including TMB, TNB, and 

PD-L1. Furthermore, we also highlight that the best-performing model could identify the 

predictive genes associated with the response to atezolizumab and its underlying 

mechanism. To challenge the model with higher test set diversity, the discovery and 

validation datasets were merged. This allowed us to compare the predictive performance 

of our best-performing models with state-of-the-art ML models (e.g., EaSIeR and JADBio). 

Finally, we explore whether incorporating predictors associated with ICI response from 

the EaSIeR into our predictive models could improve the accuracy of predicting responses 

to atezolizumab. 

Chapter 5: We explore the application of ML to predict responses to three different 

chemotherapeutic drug-cancer-type binomials, extending our previous successes with 

atezolizumab immunotherapy in mUC patients. Since the predictive ability of ML models 

generally depends on the specific problem, we carried out a large-scale ML analysis 

employing various ML algorithms across multiple molecular profiles, including mRNA, 

DNA methylations, CNVs, miRNAs and their isoform, tailored for each drug-cancer-type 

binomial: taxane-anthracyclines in breast cancer, doxorubicin in breast cancer, and 

gemcitabine in PAAD. These studies demonstrated the robustness and generality of our 

ML methodology and highlighted the importance of using multiple algorithms and 

molecular profiles to enhance the accuracy of drug response predictions. 

Chapter 6: This chapter provides a concise summary of the main research findings. It 

also highlights the clinical application of predictive ML models in medical settings, the 

limitations of the study, and future directions. 

1.4 Publications 

1. C. Piyawajanusorn, L. C. Nguyen, G. Ghislat, and P. J. Ballester, “A gentle introduction 

to understanding preclinical data for cancer pharmaco-omic modeling,” Brief. 

Bioinform., vol. 22, no. 6, Nov. 2021, doi: 10.1093/BIB/BBAB312. 

2. A. Z. Ogunleye, C. Piyawajanusorn, A. Gonçalves, G. Ghislat, and P. J. Ballester, 

“Interpretable Machine Learning Models to Predict the Resistance of Breast Cancer 

Patients to Doxorubicin from Their microRNA Profiles,” Adv. Sci. (Weinheim, Baden-

Wurttemberg, Ger., vol. 9, no. 24, Aug. 2022, doi: 10.1002/ADVS.202201501. 

3. A. Ogunleye, C. Piyawajanusorn, G. Ghislat, and P. J. Ballester, “Large-Scale Machine 

Learning Analysis Reveals DNA Methylation and Gene Expression Response 

Signatures for Gemcitabine-Treated Pancreatic Cancer,” Heal. Data Sci., Jan. 2024, doi: 

10.34133/HDS.0108. 
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centric challenges with the application and adoption of artificial intelligence for drug 
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Chapter 2 

Background theory 

2.1 The overview of UC 

2.1.1 UC 

UC, also known as transitional cell carcinoma (TCC), is the most common malignancy 

affecting the urinary tract system. It is characterised by abnormal cell growth in the 

urothelium, which is the lining of either the lower (bladder, urethra) or upper (ureters, renal 

pelvis) urinary tract. It is the most common histologic type of bladder cancer, accounting for 

approximately 90% of all bladder and only about 7% of all types of kidney cancer, including 

cancer of the renal pelvis and ureter[56]. UC is categorised into three groups based on the 

extent of invasion into the bladder wall and the presence of metastasis: (1) non-muscle 

invasive bladder cancer (NMIBC), which is limited to the urothelium and does not extend 

beyond the lamina propria; (2) muscle-invasive bladder cancer (MIBC), which grows in the 

lamina propria and invades the muscle layer; (3) unresectable locally advanced or mUC, 

when it has spread to regional lymph nodes, abdominal or pelvic wall or distant sites. The 

most common sites of metastasis include regional lymph nodes, liver, lungs, and bones, less 

commonly, brain and heart[57]. Each histological variant has distinct characteristics, such as 

metastatic potential, expression of immunotherapy targets, and susceptibility to radiation or 

chemotherapy[58].  

UC is one of the most aggressive cancers. According to data from the World Health 

Organization (WHO)[1], there were more than 600,000 newly diagnosed cases and over 

200,000 deaths in 2022, making it the ninth most common cancer worldwide, and its 

prevalence has been on the rise globally. The rates of incidence and mortality vary 

significantly across different regions of the world, with Western countries, such as those in 

Europe and North America, reporting the highest incidence rates. In Europe, approximately 

52,000 new cases and around 17,000 deaths occurred, while the United States of America 

reported an estimated 22,000 new cases and 6,000 deaths during the same year. The 

incidence and mortality rates for UC in males are three to four times higher than in females. 

Although the majority of cases are diagnosed with early NMIBC, about 30% of patients 

present with MIBC or are 10-15% initially diagnosed with locally advanced or mUC at the 

time of diagnosis[57], [59]. This contributes to a significant worldwide burden of morbidity 

and mortality. Moreover, loco-regional and/or distant disease recurrence following radical 

cystectomy is common, with local relapse occurring in around 30% of patients and distant 

metastases reported in up to 50% of UC cases[60]. In addition, UC has a 5-year survival rate 

of around 70% for localised cancers, 39.2% for regional cancers, and 5% for distant 

metastatic cancers[61]. The disease is associated with poorer clinical outcomes and 

significantly worsens prognosis, particularly in the metastatic stage; therefore, ongoing 

efforts to improve management options are crucial[62]. 
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2.1.2 Environmental and hereditary risk factors for UC 

UC develops and progresses through diverse genetic and acquired pathways[63]. 

Environmental factors are the major risk factors for UC development, with cigarette smoking 

being the most significant risk factor, accounting for approximately 50% of UC cases in both 

males and females. Current smokers are four to five times more likely to develop UC than 

non-smokers[64], [65]. Other environmental risk factors associated with the development of 

UC include occupational exposure to high-risk carcinogens (e.g., aromatic amines or 

polycyclic aromatic hydrocarbons), radiation, contaminated drinking water, and chronic 

bladder infections[66]. The consequences of these risk factors and exposures result in 

alterations within the urothelial tract, increasing the likelihood of tumour recurrence, a 

phenomenon known as polychronotropism[67]. While environmental factors contribute 

significantly to the increased risk, genetic factors are also implicated in the development of 

UC. Epidemiologic studies indicate that individuals with a family history of cancer doubles 

the risk of developing the disease, with numerous reports of multiple-case UC kindreds[68], 

[69]. 

2.1.3 UC screening and diagnosis 

The effectiveness of UC treatment largely depends on early detection. As for many tumours, 

early detection increases the chances of successful treatment or prolonged survival. Since 

the bladder serves as the exclusive reservoir of urine, thus, urine is a more specific medium 

for detecting urologic tumour markers than serum. UC diagnosis involves a combination of 

medical history assessment, physical examination, imaging investigations, and biopsy of the 

affected tissue. Microhaematuria testing and urine cytology are the most common and widely 

used techniques for detecting microscopic haematuria and screening for UC. However, due 

to their low sensitivity for detecting early-stage UC, cystoscopy is required to confirm the 

diagnosis. Urine cystoscopy combined with histopathologic examination of biopsied tissue is 

the gold standard for diagnosis of the disease. However, cystoscopy is a relatively expensive 

procedure and unsuitable for widespread use in screening programs. These issues have led 

to the development of other non-invasive molecular screening methods that can detect UC 

with greater sensitivity and specificity. For example, BTA stat®, 

NMP22® BladderChek® and Accu-Dx™ are point-of-care molecular screening tests. These 

tests are enzyme-linked immunosorbent assays (ELISAs), which require specialised setup, 

instrumentation, and personnel; urine specimens must be sent to reference laboratories. 

However, most molecular screening tests for UC have median sensitivities less than 90%[70]. 

Regarding prognostic markers, the scope of combining multiple molecular screening tests to 

improve detection capability is also being examined. Research addressing their potential for 

UC screening and surveillance is described elsewhere[70]. In addition, Vriesema et al.[71] 

reported that 89% of patients prefer urine cystoscopy over molecular screening methods for 

follow-up if the sensitivity of the latter is less than 90%. 
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2.1.4 Treatment guidelines for UC and challenges in treatment 

Treatment aims to reduce tumour burden, treat cancer-related symptoms, increase overall 

survival (OS), and prevent recurrence and/or progression. Treatment options are 

determined by various key factors, including type of cancer, grade, stage, patient’s 

performance status, concurrent comorbidities, and organ function (including cognitive 

function assessment). Current guidelines describe complete transurethral resection (TUR) 

as a crucial first step in treating NMIBCs and clinical staging to ensure total tumour removal 

and to reduce the chance of recurrence and/or progression to invasive forms, resulting in 

high survival rates[72]. Inadequate excision of the tumour or failure to detect tumours during 

the first resection might result in disease recurrence or incorrect staging[73], [74]. 

Patients who undergo TUR may be given additional treatment, such as intravesical Bacillus 

Calmette–Gue rin (BCG) immunotherapy, This therapy is considered a first-line option due to 

its lower risk of side effects, although its efficacy is only 50%[75]. Intrauterine injection of 

BCG causes extensive local inflammation in the bladder wall, targeting tumour cells, to 

reduce the recurrence rate of tumours and to diminish the risk of progression. Nevertheless, 

intravesical BCG immunotherapy might have short-term immune-stimulating effects[76]. 

The standard BCG treatment dosage consists of six weekly doses administered as an 

induction course after TUR[77]. Extra doses of BCG given at regular intervals after the initial 

induction course, known as maintenance BCG therapy, aim to prevent cancer from recurring 

and to improve long-term results[78]. Patients with a history of BCG sepsis, 

immunosuppression, significant haematuria or traumatic catheterisation, or a current 

urinary tract infection are not suitable candidates for BCG immunotherapy due to the 

possible hazards[79]. Mild cystitis, low-grade fever, and malaise are common side effects of 

intravesical BCG immunotherapy. Approximately 90% of individuals may experience these 

symptoms[80]–[82]. 

While local therapy with TUR and BCG are commonly used as standard treatments for 

NMIBCs, patients with locally advanced or mUC are typically recommended to undergo a 

radical cystectomy. This surgical procedure involves the removal of tumours and 

surrounding tissues that the cancer might invade[83]. Studies have demonstrated that 

neoadjuvant chemotherapy for MIBCs has been shown to improve survival rates[84]. In the 

treatment of mUC, the first-line treatment has been platinum-based chemotherapy, including 

the combinations of methotrexate, vinblastine, doxorubicin, and cisplatin (MVAC) or 

gemcitabine-cisplatin (GC). These treatment regimens have achieved a median OS of about 

15 months. MVAC demonstrated a significant OS improvement in comparison to cisplatin 

alone, with a median OS of 12.5 months vs 8.2 months (hazard ratio (HR) not 

available)[85]. In a phase III trial, the GC combination was directly compared to MVAC. 

Although the trial was aimed to establish GC's superiority, the two chemotherapeutic 

regimens demonstrated equivalent long-term OS (14.0 vs 15.2 months; HR 1.09) and 

progression-free survival (PFS) (7.7 vs 8.3 months; HR 1.09)[86], [87]. However, the clinical 

application of MVAC has been limited due to a high incidence of severe toxicity, including 

grade 3 or higher leukopenia, neutropenic fever, mucositis, and gastrointestinal adverse 
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events, with a drug-related mortality rate of 3%-4%. GC demonstrated a significantly better 

tolerability profile in terms of adverse events and quality of life than MVAC. These findings 

resulted in the common use of GC as a first-line chemotherapy regimen for patients with 

mUC[88]. Although cisplatin-based chemotherapy has response rates in up to 40%–50% of 

the patients and a 5-year OS rate of 13–15%, durable disease remission is rarely observed, 

and patients eventually progress within 9 months. Up to 50% of patients are cisplatin-

ineligible because of comorbidities, poor patient performance status, or impaired renal 

function[89]. Cisplatin-ineligibility criteria were defined by Galsky et al.[6] as the presence 

of any of the following: ECOG performance status of 2 or greater, creatinine clearance less 

than 60 ml/min, grade >2 neuropathy, grade >2 hearing loss, and New York Heart Association 

grade III/IV heart failure. 

2.2 ICIs in mUC 

Under normal physiological conditions, immune checkpoints play a crucial role in 

maintaining self-tolerance by regulating T-cell activity. These checkpoint proteins send 

inhibitory signals to T-cells when they bind to partner proteins on other cells, preventing the 

immune system from attacking healthy tissues. However, in the presence of tumours, the 

expression of immune-checkpoint proteins was shown to be dysregulated by the tumours. 

This prevents T-cells to recognise and eliminate tumour cells, serving as a crucial mechanism 

of immune resistance[90]. Some examples of checkpoint proteins include PD-1 and CTLA-4 

on immune cells, and PD-L1 on tumour cells. As shown in Figure 1, PD-1 (CD279) is a 

membrane receptor expressed by immune cells including T-cells, B-cells, dendritic cells 

(DCs), and macrophages. It is involved in inhibiting lymphocytes and regulating T-cell-

mediated immune responses by interacting with its ligands PD-L1 (CD274), which is 

expressed by tumour cells[91]. The interaction of PD-1 and PD-L1 inhibits the activation of 

T-cells and the production of cytotoxic mediators; thus, it promotes tumour progression by 

increasing tumour cell survival[92]. Some tumours up-regulate the expression of PD-L1 as a 

coinhibitory ligand to inhibit the activity of PD-1, leading to immune suppression and tumour 

cells escaping immune surveillance[93]. Similarly, CTLA-4 (CD152) is a transmembrane 

receptor that competes for the B7 ligand with the co-stimulatory receptor CD28.  CTLA-4 is 

mainly expressed on regulatory T-cells (Tregs) and activated conventional T 

lymphocytes[94]. Due to its structural similarity to CD28, both receptors can bind to the 

same B7 ligands, CD80 (B7-1) and CD86 (B7-2); however, CTLA-4 exhibits a significantly 

higher binding affinity than CD28[95]. CTLA-4 signalling promotes immune tolerance by 

inhibiting T-cell proliferation and differentiation, inducing cell cycle arrest, and reducing IL-

2 production, all of which contribute to exert the inhibitory function in T-cell modulation[96], 

[97]. 

By blocking ligand/receptor interactions with ICIs, such as anti-PD-1, anti-PD-L1, and anti-

CTLA-4 antibodies, the immune system can overcome the tumour’s ability to resist the 

immune responses, allowing T-cells to kill tumour cells and favouring antitumor cytotoxic 

activity[98], [99]. The U.S. FDA has approved three categories of ICIs: two PD-1 inhibitors 

(nivolumab and pembrolizumab), three PD-L1 inhibitors (atezolizumab, durvalumab, and 
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avelumab), and CTLA-4 inhibitor (Ipilimumab). Recently, ICIs have emerged as a crucial 

therapeutic strategy in several solid cancers, including non-small cell lung cancer (NSCLC), 

malignant melanoma, and UC[100]–[106]. To bring forward the use of ICIs to the upfront 

setting, several therapeutic strategies have been developed. These include the use of ICI as a 

single treatment, combining chemotherapy with ICIs, and switching to an ICI as a 

maintenance therapy after non-progression to first-line chemotherapy. ICIs were initially 

assessed as salvage treatment following progression on platinum-containing chemotherapy 

and showed favourable efficacy, and safety profiles compared with cytotoxic 

chemotherapy[107]–[111]. They have now become a standard of care in the first-line 

treatment for patients who are diagnosed with locally advanced or mUC or are ineligible for 

platinum-based chemotherapy. Recent treatment guidelines have incorporated atezolizumab 

and pembrolizumab as first-line therapies for cisplatin-ineligible patients with mUC 

exhibiting high PD-L1 expression, based on findings from single-arm, phase II studies[2], 

[112]. In addition, anti–PD-L1 agents like atezolizumab, avelumab, and durvalumab, along 

with anti–PD–1 agents such as nivolumab and pembrolizumab, are approved for second-line 

treatment of locally advanced or mUC after platinum-based chemotherapy, regardless of PD-

L1 status[108], [110], [113]–[116]. 

 

Figure 1. Mechanism of ICIs in Cancer Therapy.  

The PD-1 and CTLA-4 are inhibitory receptors expressed on T-cell surfaces. When these 

receptors bind with their corresponding ligands (B7 binding to CTLA-4 and PD-L1 binding 

to PD-1), T-cell activation is suppressed, allowing tumours to evade immune attack. ICIs (PD-

1, PD-L1, and CTLA-4 inhibitors) block these interactions, preventing immune suppression 

and enabling T-cells to maintain an activated state, thereby enhancing the host’s immune 

response against tumour cells. Created with BioRender.com. 
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2.3 Atezolizumab: mechanism of action and clinical significance  

Atezolizumab (MPDL3280A or Tecentriq) is an Fc-engineered, humanised IgG1 monoclonal 

antibody developed by Roche Genentech, Inc. It binds to PD-L1, which is expressed on the 

surface of tumour cells and other PD-L1-expressing cells, such as TICs. By binding to PD-L1, 

atezolizumab inhibits its interaction with PD-1 receptors, mainly expressed in T-cells, 

thereby reactivating T-cell-mediated anti-tumour responses [117].  

In a phase I trial, atezolizumab was administered intravenously (IV) to mUC patients 

previously treated with platinum-based chemotherapy or within one year from neoadjuvant 

chemotherapy, showing a primary endpoint ORR of 26.2% with no dose-limiting toxicity 

across doses from 0.01 mg/kg to 20 mg/kg. A fixed dose of 1,200 mg every three weeks was 

administered until disease progression for further clinical investigations. This dosage is 

equivalent to 17 mg/kg in patients of 70 kg[118], [119]. Following these studies, 

atezolizumab was granted approval by the U.S. FDA in May 2016 for the treatment of locally 

advanced or mUC patients who had disease progression during or after platinum-based 

chemotherapy, or within 12 months of neoadjuvant or adjuvant for such treatment, or are 

ineligible for platinum-based chemotherapy. This approval was supported by the IMvigor210 

single-arm phase II trial (NCT02108652), where 310 platinum-ineligible  patients with 

locally advanced or mUC were treated with 1,200 mg of atezolizumab as first-line therapy 

every three weeks[2]. This clinical trial reported an ORR of 14.8% (17 (5%) complete 

responses and 29 (9%) partial responses), as assessed by RECIST version 1.1[120]. Among 

the responders, 37 patients (11%) showed an ongoing response for a minimum of 6 months, 

whereas only 6 patients (1%) maintained a response for at least 12 months. The median PFS 

for all patients was 2.7 months, while the median OS was 15.9 months. Patients were also 

categorised based on the level of PD-L1 expression on TICs: IC0 (<1% of cells positive for PD-

L1, IC1 (≥1% but <5%), and IC2/3 (≥5%). Atezolizumab induced response regardless of PD-

L1 expression, including in patients with PD-L1 expression on less than 1% of TICs[118]. The 

IMvigor130 phase III trial investigated the effectiveness of atezolizumab as the first-line 

therapy in patients with untreated, locally advanced, or metastatic bladder cancer, including 

1,213 patients randomised into three groups: (1) atezolizumab plus platinum-based 

chemotherapy, (2) atezolizumab as monotherapy, and (3) platinum-based chemotherapy 

plus placebo. The trial reported a median PFS of 8.2 months in the group receiving 

atezolizumab with chemotherapy, versus 6.3 months in the group receiving placebo plus 

chemotherapy group[121]. Recently, atezolizumab has shown promise in treating several 

types of haematological malignancies and solid tumours, including NSCLC, small-cell lung 

cancer (SCLC), hepatocellular carcinoma, melanoma, and UC[122], [123]. It is available in two 

different concentrated solutions of 840 mg/14 mL (60 mg/mL) IV every two weeks and 1200 

mg/20 mL (60 mg/mL) IV every three weeks in a single-dose vial, depending on the 

diagnosis and institution[124].  

Although clinical trials evaluating atezolizumab in mUC have demonstrated anti-tumour 

effectiveness, including prolonged survival rates and durable responses, its efficacy could 

vary among individuals. Not all eligible mUC patients benefit from atezolizumab, with only 
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15% of patients achieving a response and just 6% exhibiting a complete response[118]. The 

factors contributing to the variation in the ICI response among mUC patients are poorly 

understood. Additionally, a substantial financial burden associated with atezolizumab 

treatment is costly, exceeding US$100,000 per patient annually. Moreover, the administration 

of atezolizumab can be associated with irAEs, which can range from mild to life-threatening 

and affect different organ systems[125]. The unwanted or unexpected adverse reactions 

adverse effects depend on the individual drug, combination regimen, and the dose used. 

Unsurprisingly, concurrent inhibition of immune checkpoints increases the risk of 

autoimmune toxicities, with higher incidences of high-grade irAEs observed in ICI 

combination therapy compared to monotherapy[126]. For instance, the irAE incidence in the 

atezolizumab-containing regimen is about 48%[127], which is higher than the rates 

observed in atezolizumab monotherapy in the TAIL (10%)[128] and OAK (31%)[129] NSCLC 

trials. Common reported irAEs are associated with changes in the body’s autoimmune 

system, including the loss of autoimmune tolerance or an increased sensitivity to antigen 

recognition. This leads to the immune system attacking its own tissues[130]. irAEs are 

typically organ-specific, with skin-related irAEs being the most prevalent, often presenting 

as mild itching or rashes, followed by gastrointestinal toxicity, which is usually in the form of 

diarrhoea and colitis[131], [132]. The third most common are endocrine-related irAEs[133], 

which include thyroid disorders (both hypothyroidism and hyperthyroidism), pituitary 

inflammation, and adrenal insufficiency. Commonly reported irAEs also include 

musculoskeletal toxicity, such as mild joint pain or muscle pain, and ocular toxicity, such as 

mild dry eye syndrome and uveitis[134]. The majority of patients who experience these 

irAEs discontinued atezolizumab and have a mortality rate ranging from 10% to 17%. The 

mortality rate for myocarditis is extremely high, reaching 39.7%. Neurotoxicity is often more 

severe, with encephalitis and severe myasthenia gravis being the most frequently fatal 

conditions[135]. As irAEs can affect several organs and systems in the body, careful 

monitoring and management are needed. Furthermore, most clinical trials did not include 

cancer patients who had pre-existing autoimmune diseases or chronic infections, such as 

viral or tuberculosis. Therefore, the incidence of irAEs would be expected to increase further 

when immunotherapy is administered in real-world clinical settings. In addition, certain 

symptoms such as cardiovascular or joint toxicity may be overlooked and confused with the 

cancer-related symptoms of the patients, potentially delaying proper clinical assessment and 

management of irAEs. 

The precise mechanisms underlying irAEs remain unclear, but several hypotheses are 

proposed. The main concept is that ICIs disrupt immunologic homeostasis and reduce T-cell 

tolerance, with some cross-reactivity of T-cells between tumour cells and normal tissue[136]. 

ICIs may increase levels of preexisting autoantibodies, such as antithyroid antibodies, and 

inflammatory cytokines[137]. Furthermore, ICIs may interfere with the self-protective 

mechanism in organs, such as in normal pituitary cells or cardiomyocytes, which express 

CTLA-4 or PD-L1 to protect normal tissue against immune attack[138], [139]. These reasons 

allow activated T-cells to target healthy tissues, leading to irAEs with autoimmune-like 

characteristics. 
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Considering these factors, there is an urgent clinical need to identify predictive biomarkers 

that could accurately stratify mUC patients who are likely to benefit from atezolizumab. 

Achieving this objective will enable the administration of promising drugs to eligible patients 

without delay while also mitigating the risk of irAEs for those who are unlikely to respond to 

atezolizumab. 

2.4 Clinical response biomarkers of ICIs and their challenges 

Biomarkers predicting responses to ICIs have been extensively researched and developed. 

Several biomarkers have been now used in clinical practice, assisting clinicians in selecting 

patients with suitable therapeutic options. This review highlights FDA-approved biomarkers 

like PD-L1 expression and TMB, which are commonly used to predict ICI responses and have 

been extensively reviewed in the literature. In addition, other emerging predictive 

biomarkers such as TNB and gene expression signatures are also discussed. 

2.4.1 PD-L1 expression 

As a target of PD-1/PD-L1 antibodies, PD-L1 expression is a logical and commonly examined 

biomarker for predicting the response to anti-PD-1/PD-L1 therapies. In tumours, PD-L1 

expression is induced by interferon-gamma (IFN-γ) secreted from tumour-infiltrating 

lymphocytes (TILs), suggesting that PD-L1 expression could reflect T-cell infiltration and an 

anti-tumour immune response. Thus, tumours with elevated PD-L1 expression are 

associated with a favourable immune response when the PD-1/PD-L1 pathway is blocked. 

Numerous studies have reported a positive association between PD-L1 expression and the 

efficacy of PD-1/PD-L1 inhibitors[140]–[143]. In particular, mUC patients with high PD-L1 

expression exhibited an increased response rate when treated with pembrolizumab and 

durvalumab in the second line, or avelumab in the first line of treatment [100], [107], [144].  

However, there is currently still insufficient evidence to support the clinical use of PD-L1 

expression as a biomarker across all cancer types. The current evidence is limited by 

inconsistencies observed among different studies. For instance, several studies have found 

no significant correlation between PD-L1 expression and ICI treatment response[23], [24], 

and some even indicate that the benefit from ICIs is not only limited to patients with high PD-

L1 expression but also to patients with low PD-L1 expression[25]–[29]. Furthermore, the 

negative predictive value (NPV) of PD-L1 was low, failing to accurately distinguish between 

responders and non-responders[2], [107], [145]. In addition, the first- and second-line trials 

with atezolizumab reported contradictory results. While the expression of PD-L1 seems to 

better predict objective response in a second-line setting with atezolizumab (18% vs. 8%), 

in a first-line trial there was no difference in efficacy (24% vs. 21%)[2], [109]. Therefore, the 

role of PD-L1 expression as a biomarker to determine whether patients are likely to respond 

to ICIs remains controversial.  

Indeed, the IHC assay is a simple, cost-effective, and widely available laboratory test that can 

be easily conducted in hospitals, clinics, and testing labs. However, several challenges are 

arising. First, there are no standard guidelines for assessing PD-L1 positivity to select 
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patients for anti-PD-1/PD-L1 therapy. Despite the IHC assay being used as a reference assay 

to evaluate the membrane expression of PD-L1, there are differences in antibodies for PD-L1 

and IHC procedures, including variations in staining techniques, scoring systems, and 

components tested (tumour cells, TICs, or both), which can lead to inconsistent results[146]. 

For example, in a study evaluating three different antibodies on NSCLC samples, findings 

showed only moderate concordance in their positive rates[147]. A systematic review 

focusing specifically on FDA-approved antibody assays also revealed that, although three of 

the antibodies were interchangeable, SP142-based assays showed low concordance with the 

others[148].  Another point of inconsistency among studies on PD-L1 expression is the lack 

of a standardised threshold to determine whether tumours are classified as PD-L1 positive 

or negative. A threshold of PD-L1 expression ≥1% was associated with a high sensitivity of 

73.04% and a low specificity of 39.62%: the reverse was true for a ≥5% threshold[146]. 

Determining the optimal PD-L1 expression cut-off is challenging. It might not be possible to 

establish a universal PD-L1 threshold across all cancer types, as PD-L1 thresholds not only 

differ across various cancers but also vary within individual cancer types[149]. Therefore, 

PD-L1 expression alone remains poorly predictive of ICI response. 

2.4.2 TMB 

TMB represents the total number of somatic mutations, including single-nucleotide variants 

(SNVs), nonsense, missense, and splice site mutations, per megabase of genomic sequence 

analysed from whole genome sequencing (WGS), whole exome sequencing (WES) or next-

generation sequencing (NGS) panel in cancer cells. UC is among the most highly mutated 

cancers[150]. A higher TMB can lead to the increased formation of neoantigens, which are 

immunogenic peptide sequences recognised by the immune system as foreign, potentially 

triggering immune-mediated tumour cell death and enhancing anti-tumour responses[151]. 

Tumours with higher TMB are thus more responsive to immunotherapy and are considered 

a leading candidate biomarker for predicting immunotherapy response across several 

cancers, including mUC[2], [100], [152]. Recent studies report that high TMB in tumour 

tissue of patients with NSCLC, mUC, and melanoma is associated with improved 

atezolizumab efficacy[2], [153], [154].  

Nevertheless, the clinical application and predictive power of TMB need to be further 

elucidated. There are challenges in using TMB as a biomarker. First, not all mutations 

produce neoantigens. Only a limited number of mutations can be processed, and expressed 

on the surface of the major histocompatibility complex (MHC) and recognized by T-

cells[155]. Therefore, low TMB is not necessarily associated with not being responsive to 

immunotherapy, and conversely, high TMB does not always identify those patients most 

likely to benefit from immunotherapy[156]. Second, there is the availability of many different 

panels, each varying in targeted genes, number of genes assessed, sequencing depth, and 

bioinformatics pipeline, which introduces variation and poses a challenge to establishing a 

unified standardised technique. There are two main methods for assessing TMB: WES and 

targeted panel-based NGS. Snyder et al.[157] and Rizvi et al.[158] were the first to 

demonstrate an association between WES-TMB and response to ICIs, suggesting it as a 
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potential predictive marker for these therapies. The WES-TMB assays usually include 

nonsynonymous somatic mutations when calculating TMB. This technique is costly and 

labour-intensive, making it impractical for clinical applications. Instead, targeted gene 

sequencing is typically used for TMB prediction[159], [160]. The Foundation One CDx assay, 

developed by Foundation Medicine, Inc., is a U.S. FDA-approved companion diagnostic test to 

identify patients who may benefit from 28 approved drugs[161]. It is a commercially 

available targeted NGS panel that analyses 324 genes in cancer patients with solid tumours, 

considering both synonymous and non-synonymous mutations to enhance assay sensitivity. 

However, the obvious limitation of this approach is the need to extrapolate the TMB from a 

limited set of genes. Another challenge is the variability in TMB between cancer types. The 

U.S. FDA recently approved TMB ≥ 10 mutations per megabase (mut/Mb) as a biomarker for 

administering ICIs across all cancer patients. However, this cutoff has not consistently 

predicted response to ICIs, raising significant concerns about the FDA’s current approval and 

its clinical utility[162]. Retrospective studies suggest that a cutoff of ≥16 mut/Mb is more 

appropriate than the standard 10 mut/Mb for identifying high TMB associated with 

atezolizumab response in UC[2].  

2.4.3 TNB 

TNB is determined by the total number of neoantigens per megabase in the genome 

region[163], [164]. A patient’s TNB can be estimated using bioinformatic algorithms to 

predict the binding affinity of mutagenic peptides, which are translated from somatic 

mutations, to MHC class I[165]–[168].  A higher number of TMB is correlated with a higher 

number of candidate peptides, leading to an increased probability of immunogenic 

neoantigens being presented by MHCs on the surface of cancer cells, and stimulating host 

anti-tumour immune response when recognised by T-cells[169]. Thus, TNB has emerged as 

a biomarker for ICIs, as higher neoantigens are associated with increased 

responsiveness.[151]. The IMvigor210 trial[2] confirmed the association between high 

levels of predicted TNB and response to atezolizumab. Compared to TMB, TNB shows a 

stronger correlation with the response to ICIs and is considered a more effective biomarker, 

as it directly reflects neoantigen potential[170]. 

Despite the rapid advancement in immunology and bioinformatics, TNB estimation remains 

costly and time-consuming. Standard pipelines for predicting neoantigens and determining 

the cut-off for TNB are yet to be well-defined. In addition, a high intratumoral heterogeneity 

indicates that the neoantigen might only be present in a subset of tumour cells, thus, the 

immune response generated against the neoantigen may not be effective against the whole 

tumour. It is also possible that some patients may lack T-cells capable of recognising the 

available neoantigen pool, or these T-cells may be present but suppressed by additional or 

other regulatory mechanisms, leading to inconsistent therapeutic responses among patients. 

This implies that TNB alone is not sufficient to predict therapeutic outcomes. 

In summary, PD-L1 expression, TMB, and TNB are clinical biomarkers that can used to 

predict the atezolizumab response and other immunotherapies in several types of cancers, 
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including UC. However, they each have limitations that need to be considered. In cancers with 

high PD-L1 expression or a high mutation/neoantigen burden, only a minority of patients 

achieve clinical responses, with complete responses, where all measurable tumours 

disappear, are rare. Recent evidence indicates that single biomarkers, such as PD-L1, TMB, 

and TNB may not be sufficient to accurately predict ICI responses, as some tumours exhibit 

resistance to ICIs despite the presence of the biomarker and vice versa. Therefore, it is 

necessary to identify robust biomarkers that can accurately predict the response to ICIs in 

order to facilitate patient selection for personalised medicine. Ongoing research and 

progress in biomarker discovery may lead to more precise and reliable predictive biomarkers 

in the future, ideally with high reproducibility, high accuracy, and cost-effectiveness. The use 

of PD-L1, TMB, and TNB in combination with other biomarkers, such as gene expression, 

seems to minimise the limitations of relying on a single biomarker, leading to a more accurate 

prediction of ICIs for cancer patients. 

2.5 Gene expression profiles as predictors of response to ICIs in cancer patients 

Cancer is a complex and highly heterogeneous disease, and personalised treatment strategies 

have become a focal point in the field of oncology. Currently, advancements in high-

throughput sequencing and microarray technologies of tumours have been proven as a 

powerful technique to identify potential ICI response predictors, aiding oncologists in 

identifying patients who are more likely to benefit from ICIs[171]–[174]. For instance, Ribas 

et al. [175] identified an IFN-γ gene expression signature associated with improved ORR and 

longer PFS in metastatic melanoma patients treated with pembrolizumab. IFN-γ is known to 

have favourable effects on both adaptive and innate anti-cancer immune responses, 

suggesting that the IFN-γ gene signature has shown promise in predicting ICI response. 

Furthermore, the Tumour Immune Dysfunction and Exclusion (TIDE) model integrates gene 

signatures estimating two primary immune evasion mechanisms: T-cell dysfunction and 

exclusion to predict ICI response, with a high TIDE score indicating non-responder. ROC-AUC 

shows that TIDE has better predictive performance compared to TMB and PD-L1 for both 

anti-PD-1 and anti-CTLA4 treatment[176], [177]. Several studies have used data from clinical 

trials involving mUC to identify gene expression signatures that are associated with either a 

favourable response or resistance to ICIs[163], [178]–[181]. For example, Chen et al.,[163] 

revealed 10 prognostic genes, including six OS-favourable genes and four OS-detrimental 

genes. Among them, six genes were associated with ICI response in mUC patients, with ROC-

AUC 0.815 in the training cohort. In addition, Mariathasan et al.,[179] identified 

Transforming Growth Factor β (TGF-β) pathway gene signatures, including TGFB1 (TGF-β 

ligand) and TGFBR2 (TGF-β receptor), which were found to have increased mean TGF-β 

expression in non-responders,  and associated with reduced OS and PFS in mUC patients 

treated with atezolizumab. Furthermore, a recently reported 18-gene tumour inflammation 

signature (TIS) has shown potential in predicting response to ICIs[182]. Its predictive 

biomarker was assessed in a prospective cohort of 58 patients with various primary 

tumours, including 38 lung cancers, 5 melanomas, 10 renal cell carcinomas, 4 UCs, and 1 

colon cancer. Across the cohort, patients with high TIS scores had better OS. The TIS has 
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undergone analytical validation and is currently being investigated in Research Use Only 

(RUO) and Investigational Use Only (IUO) approaches to further assess its performance as a 

predictive biomarker. 

Overall, gene expression profiling has gained considerable attention with various studies 

indicating its potential as a predictive biomarker for response to ICIs. Rather than a one-size-

fits-all approach, oncologists can tailor treatment plans to individual patients based on the 

gene expression signature of their tumours. This approach can help better identify patients 

more likely to benefit from ICIs, maximising the chances of a successful treatment outcome 

while minimising harmful side effects for those unlikely to respond. 

2.6 The overview of ML in cancer drug response prediction 

Recent technological advancements in high-throughput sequencing and drug sensitivity 

screenings have generated an abundance of data yet to be exploited[34], driving the 

exploration of statistical methods[183] or ML for drug response prediction in cell lines[42]–

[44], [184], organoids[185], patient-derived xenografts (PDXs)[45], [186], [187], and even 

cancer patients[46]. Traditional statistical approaches (e.g., Cox regression) analyse only a 

small number of predictors, such as tumour size, patient demographics, and biomarker 

expression levels, within a mathematical framework and make probabilistic assumptions to 

identify potential predictors of treatment outcomes. These models have generally focused on 

differences across patient cohorts than focusing on predicting individual patient outcomes. 

In addition, these methods assume linear relationships, limiting their ability to capture the 

nonlinear relationships often present in real-world scenarios, which reflects the complexity 

of biomedical data[188]. In addition, limiting to a few biomarkers are generally insufficient 

to accurately predict treatment responses for most drug classes[42]; instead, larger sample 

sizes and multivariate modelling are required for identifying highly predictive and robust 

biomarkers. 

Over the past decade, there has been a significant increase in interest and publications 
focused on the application of ML techniques in the field of cancer research. ML, a subfield of 

AI, relies on data-driven, which allows algorithms to learn and identify predictive 

combinations of features in high dimensional data such as genomic, transcriptomic, and 

imaging, to accurately predict patient outcomes. ML has been applied to distinguish between 

myeloid and lymphoblastic acute leukaemia[189], determine the cancer type[190], establish 

a molecular classification of bladder cancer[191], or define gene expression signatures that 

can predict survival or metastatic relapse in breast, lung, colorectal, or central nervous 

system cancers[192]–[195]. In addition, numerous ML have been utilised for drug response 

prediction, employing diverse inputs, models, and learning strategies. These approaches 

vary in complexity and interpretability, from well-known linear regression (LR) models to 

more advanced, sophisticated frameworks like deep neural networks (DNNs)[196]–[198].  

Since the predictive performance of ML models relies critically on the availability of high-

quality and large sample sizes of training data, creating systematic training datasets for drug 

response prediction in a clinical trial setting, where numerous drugs are tested across a large 
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cohort of patients, is both ethically unfeasible and extremely expensive. Therefore, drug 

response prediction datasets are largely derived from preclinical models like cell lines[42]–

[44], [184], organoids[185], and PDXs[45], [186], [187]. The overview cancer pharmaco-

omic modelling using pre-clinical data is described in the original work by[34] (Appendix I). 

In vitro testing of cancer cell lines across various anti-cancer compounds at different 

concentrations has provided a good availability of large-scale, systematic datasets with drug 

sensitivity measurements, (e.g., the half maximal inhibitory concentration (IC50) or the area 

under the dose-response curve) and paired omics profiles. Large-scaled pharmacogenomic 

resources, representing approximately 1,000 cell lines across 36 cancer types, such as the 

Cancer Cell Line Encyclopedia (CCLE) and the Genomics of Drug Sensitivity in Cancer (GDSC), 

have facilitated the development of drug response prediction models leveraging ML. 

Therefore, there are now numerous studies used cancer cell lines as input for ML-based drug 

response prediction models[42]–[44], [184]. For instance, Kim et al.[184] explored various 

ML algorithms to predict pan-cancer cell line responses based on transcriptomic profiles, 

achieving MCCs under 0.6 in all cases. Other studies also reported predictive performance, 

with Nguyen et al.[42] reaching MCCs slightly above 0.5 using RF with transcriptomic data, 

and Naulaerts et al.[43] obtaining MCCs slightly above 0.3 when using RF with genomic 

profiles. However, while cancer cell lines are easy to culture, they may differ from the primary 

tumour, and cell culturing may introduce new mutations or alter their characteristics. Unlike 

cancer cell lines, organoids and PDXs can incorporate interactions with the TME and capture 

patient-specific tumour heterogeneities in vivo, making them potentially better models of 

clinical outcomes. Despite these advantages, only few studies have used PDX 

pharmacogenomic data to train prediction models for drug response[45], [186], [187]. For 

example, Nguyen et al. used an OMC feature selection with RF to build drug response models 

for 26 drug-cancer-type binomials using gene expressions, CNVs, and SNVs. They showed 

that five treatments were predicted with MCC > 0.4 in breast cancer, but only two treatments 

were predicted at this level in colorectal cancer. Tumour biopsies are the best option to 

observe the characteristics of patient tumours. The TCGA[199] offers a publicly available, 

large-scale, multi-omics cancer databases, including genomic, epigenomic, transcriptomic, 

and proteomic data from over 11,000 patients representing 33 types of cancer. Since 2006, 

TCGA is a joint initiative by the National Cancer Institute (NCI) and the National Human 

Genome Research Institute, with the objective of advancing understanding of cancer biology 

and improving cancer treatment and prevention strategies. In TCGA, patient responses to 

treatments are classified into four categories, complete response (CR), partial response (PR), 

stable disease (SD), and progressive disease (PD), based on tumour progression, assessed 

through RECIST criteria, an imaging criterion used to evaluate responses in solid 

tumours[120]. The TCGA dataset is available for download through the Genomic Data 

Commons (GDC) data portal. In our previous work, we successfully developed ML models to 

predict chemotherapy response in cancer patients using high-dimensional multi-omics 

and/or clinicopathological data from TCGA [46]. Bomane et al.[46] focused on predicting 

paclitaxel response in breast cancer patients, using 6 molecular profiles and 10 ML 

algorithms. Interestingly, DT and, XGBoost, with OMC feature selection, exhibited highly 
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predictive models based on the miRNA and DNA methylation profiles. These models could 

help clinicians to stratify cancer patients likely to respond to treatment in order to propose 

suitable drugs without delay and avoid harmful side effects for patients unlikely to respond. 

2.7 ML in predicting the response to ICIs 

ML provides the opportunity for discovering biomarker signatures or ICI prediction scores 

to predict the response to ICIs using multi-omics data. Typically, these ML approaches involve 

data collection and selection, feature engineering, model construction, validation, 

optimisation, and performance evaluation. Due to the limited availability of data, some 

studies have focused on identifying biomarkers in cancer patients who were not treated with 

ICIs, a strategy that benefits from the availability of larger sample sizes[48], [50], [177], 

[200]–[202]. However, these findings require further validation in independent cohorts and 

might not fully capture ICI-specific biomarkers, potentially limiting the accuracy of 

predicting responses in ICI-treated cancer patients. Hence, it is crucial to develop robust ML 

models to identify predictive combinations of biomarkers in ICI-treated patients. Several 

supervised ML algorithms have been applied in predicting the response of ICIs, including LR, 

support vector machine (SVM), RF, k-nearest neighbours (KNN), and DNN. For example, 

Shang et al. developed ML models to predict ICIs response based on DNA methylation 

immune scores using Lasso regression, support vector machine (SVM), and RF. Among these, 

the Lasso regression model demonstrated the highest performance.  In related work, Sun et 

al.[203] used an elastic net regularised regression method to develop a computed 

tomography (CT)-based radiomic model of solid tumours in phase I trial patients treated 

with anti-PD-1 or anti-PD-L1 immunotherapy. They could identify eight radiomic signatures 

of CD8+ T-cells, serving as a non-invasive biomarker that accurately predict responses to PD-

1 or PD-L1 inhibitors. Park et al.[204] constructed a multivariate LR model built based on 

radiomics features to predict response to ICIs in mUC. The radiomic-based model could 

identify high-risk groups associated with poor survival outcomes. Multi-omics-based ML 

models also show promise for predicting ICI responses by integrating genomics, 

transcriptomics, epigenomics, proteomics, and radiomics, allowing for a more 

comprehensive characterisation of the disease. Based on the multi-omics concept, Liu 

et al.[47] developed an integrative model using clinical, genomic, and transcriptomic data to 

predict response to anti-PD-1 therapy in metastatic melanoma patients, with validation on 

smaller independent cohorts. Yang et al.[205] developed a deep learning model based on a 

multilayer perceptron (MLP) to classify treatment responders and non-responders among 

advanced NSCLC patients treated with PD-1/PD-L1 inhibitors. By integrating multi-omics 

data, the model demonstrated a high performance in predicting responses to PD-1/PD-L1 

inhibitors. These are just a few examples from growing research that applied ML to predict 

clinical outcomes of ICIs. Table 1 summarises studies where ML has been used to predict ICI 

treatment outcomes in various types of cancer. Ongoing research continues to refine 

treatment strategies and identify potential biomarkers to predict response to ICIs, which in 

turn further improves clinical outcomes for cancer patients. 
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Table 1. Summary of various studies that employed ML to predict ICI treatment outcome in 

cancer patients 

Study Drug Cancer 
type 

Input 
feature 

Prediction Algorithm Ref. 

Prat et al., 
2017 

Nivolumab
/pembroli
zumab 
(anti-PD1) 

Pancancer Gene 
expression 
profiles 

Drug 
response, 
PFS 

LR [206] 

Charoentong 
et al., 2017 

Anti-
PD1/anti-
CTLA4 

Pancancer 
 

Gene 
expression 
profiles 

Drug 
response 

RF [50] 

Sun et al., 
2018 

Anti-
PD1/anti-
PDL1 

Pancancer CT images 
and gene 
expression 
profiles 

Drug 
response 

Elastic-net 
regularized 
regression 

[203] 

Liu et al., 
2019 

Nivolumab
/pembroli
zumab 
(anti-PD1) 

metastatic 
melanoma 

Multi-omics 
profiles 

Drug 
response 

LR [47] 

Park et al., 
2020 

Anti-
PD1/anti-
PDL1 

mUC CT images Drug 
response, 
OS, PFS 

LR [204] 

Johannet et 
al., 2020 

Anti-
PD1/anti-
CTLA4 

Metastatic 
melanoma 

H&E-stained 
slide images 

Drug 
response, 
PFS 

Deep 
convolutional 
neural 
network 

[49] 

Hwang et al., 
2020 

Nivolumab
/pembroli
zumab 
(anti-PD1) 

Non-small 
cell lung 
cancer 

Gene 
expression 
profiles 

Drug 
response 

RF [207] 

Shang et al., 
2021 

Anti-
PD1/anti-
PDL1 

Non-small 
cell lung 
cancer 

DNA 
methylation 
profiles 

Drug 
response 

Lasso 
regression, 
RF, SVM  

[208] 

Benzekry et 
al., 2021 

Anti-
PD1/anti-
PDL1/anti
-CTLA4 

Non-small 
cell lung 
cancer 

Clinical and 
hematologic
al data  

Drug 
response, 
OS, PFS 

8 ML 
algorithms 

[209] 
 

Yang et al., 
2021 

Anti-
PD1/anti-
PDL1 

Advanced-
stage non-
small cell 
lung 
cancer 

CT images 
with 
laboratory 
and clinical 
data 

Drug 
response 

Deep 
convolutional 
neural 
network 

[205] 
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Kong et al., 
2022 

Anti-
PD1/anti-
PDL1 

Pancancer Gene 
expression 
profiles 

Drug 
response 

Network-
based ML 
approach 

[210] 

Tabari et al., 
2023 

Anti-
PD1/anti-
PDL1/anti
-CTLA4 

Metastatic 
melanoma 

CT images Drug 
response 

RF [211] 

 

2.8 The state-of-the-art ML in drug response prediction 

2.8.1 EaSIeR 

The TME plays a crucial role in numerous biological processes, particularly in modulating 

immune response and influencing the effectiveness of ICI therapies[212]. A key aspect is the 

cellular components of the TME. Different cell types within the TME, especially immune cells, 

can exert either a pro-tumour or anti-tumour function that regulate cancer progression and 

response to therapy[213]. Effector T-cells, in particular, play an important role in the anti-

tumour immune response, with their phenotype, quantity, and localisation within the TME 

significantly impact immunotherapy efficacy[214]. In addition, intra- and intercellular 

regulation of cellular functions also shape the immune response against cancer. External 

signals received by cells are processed through intracellular signalling pathways, leading to 

alterations in transcription factor (TF) activity and gene expression. Intracellular regulatory 

networks of tumour cells are involved in both innate (caused by internal factors such as 

mutations) and adaptive (caused by external stimuli) mechanisms that enable tumour cells 

to evade immune surveillance[215]. This evasion can occur through different mechanisms, 

such as the upregulation in immunological checkpoints[216], a decrease in the production 

of inflammatory cytokines[217], [218], or impairment of antigen presentation by the 

MHC[219]. Furthermore, ligand-receptor interactions regulate cell-cell communication 

within the microenvironment, including interactions among tumour cells, immune cells, and 

fibroblasts. These interactions are crucial in regulating tumour characteristics and anti-

tumour immune responses[218], [220], [221]. Therefore, it is imperative to consider all 

these aspects to provide a comprehensive description of the TME. 

Lapuente-Santana et al. developed the EaSIeR tool[48], which is an R Bioconductor package 

to assess patients’ response to PD-1/PD-L1 inhibitors. By utilising the patients’ bulk RNA 

sequencing data as input, EaSIeR quantifies patient-specific, five real-valued system-based 

signatures of TME: 11 immune cell types, 14 pathway activities, 118 transcriptional factor 

activities, 812 ligand-receptor pairs, and 169 cell-cell pairs (Table 2). These signatures 

comprehensively characterised tumours, illustrating how the complex cellular composition 

of TMEs, intra- and intercellular mechanisms influence immune response and 

immunotherapy efficacy. The cancer-specific elastic net regularized multi-task linear 

regression (RMTLR) models, pretrained on 7,550 TCGA samples across 18 solid cancers, 

were used to predict 10 tasks of immune response scores: Cytolytic activity (CYT), Ock 

immune signature (Ock_IS), Roh immune score (Roh_IS), Chemokine signature (Chemokine), 
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Davoli immune signature (Davoli_IS), IFNy signature (IFNy), Expanded immune signature 

(Ayer_expIS), T-cell inflamed signature (Tcell_inflamed), Repressed immune resistance 

(RIR), Tertiary Lymphoid structure signature (TLS). These scores have been experimentally 

validated in the literature (Table 3), reflecting patient response to PD-1/PD-L1 inhibitors, 

with higher scores indicating a higher likelihood of response.  

Table 2. Five descriptive signatures of the tumour microenvironment from the EaSIeR tool 

System-based 
signatures of TME 

Prior knowledges Tools Number of 
features  

(N = 1,125) 
Immune cell 
quantification 

Finotello et al., 2019 quanTIseq 11 cell types 

Pathway activity Holland, Szalai, and 
Saez-Rodriguez et al., 
2020; Schubert et al., 
2018 

PROGENy 14 pathways 

Transcription 
Factor activity 

Garcia-Alonso et al., 
2019 

DoRothEA 118 TFs 

Ligand-receptor 
pairs 

Ramilowski et al., 
2015; Barretina et al., 
2012 

LR pairs weight (the 
minimum of the 
log2(TPM+1) expression 
of the ligand and 
receptor) 

813 LR pairs 

Cell-cell interaction Ramilowski et al., 
2015; Barretina et al., 
2012 

The number of active LR 
pairs for each CC pair 

169 CC pairs 

 

Table 3. 10 published signatures of the immune response 

No. Signatures of immune 
response 

Studies Explanation 

1. Cytolytic activity (CYT) Rooney et al., 
2015 

The level of two cytolytic effectors, 
granzyme A and perforin, which are 
overexpressed upon CD8+ T-cell 
activation 

2. Ock immune signature 
(Ock_IS) 

Ock et al., 2017 The expression of 105 genes 
associated with the response to 
immunotherapy with the MAGE-A3 
antigen 

3. Roh immune score 
(Roh_IS) 

Roh et al., 2017 A set of genes involved in immune 
activation in relation to tumour 
rejection 

4. Chemokine signature 
(chemokine) 

Messina et al., 
2012 

A gene set associated with 
inflammation and immunity, which is 
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able to predict host immune reaction 
and the formation of tumour-localized 
lymphoid structure. 

5. Davoli immune signature 
(Davoli_IS) 

Davoli et al., 
2017 

The expression of cytotoxic CD8+ T-
cell and natural killer (NK) cell 
markers 

6. IFNy signature (IFNy) McClanahan et 
al., 2017 

Genes able to separate responders and 
non-responders in melanoma 

7. Expanded immune 
signature (Ayer_expIS) 

McClanahan et 
al., 2017 

Genes highly correlated with IFN-γ 
signature genes; this new set included 
all immune-related genes. 

8. T-cell inflamed signature 
(Tcell_inflamed) 

McClanahan et 
al., 2017 

The joint potential of IFN-γ and T-cell-
associated inflammatory genes in 
predicting response to PD-1 blockade 

9. Repressed immune 
resistance (RIR) 

Jerby-Arnon et 
al., 2018 

Combining a set of gene signatures 
associated with T-cell exclusion, post-
treatment, and functional resistance. 

10. Tertiary lymphoid 
structure signature (TLS) 

Cabrita et al., 
2020 

Differentially expressed genes in 
tumours with TLS 

 

2.8.2 JADBio autoML 

Automated ML (AutoML) is the process of applying ML models to real-world problems by 

automating key aspects of ML pipeline, including data preprocessing, feature selection, 

model selection, and hyperparameter tuning. By minimising the need for manual 

intervention, AutoML enables users with varying levels of expertise to develop ML models. It 

benefits researchers by reducing the time and technical barrier to deploying sophisticated 

algorithms, making advanced data analysis more accessible[222]. Tsamardinos et al.[55] 

developed JADBio, an AutoML tool, specialising in bioinformatic applications and 

translational medicine. It designed for analysing high-dimensional omics data with limited 

sample sizes. By applying various ML algorithms and optimisation techniques, JADBio 

automates preprocessing, feature selection, model selection, and hyperparameter tuning 

(see Table 4), selecting the best combinations to provide a predictive model with 

performance estimates. Users can avoid the time-consuming and complex process of manual 

model development by simply uploading input data and specifying modelling objectives. 

Furthermore, JADBio can analyses various types of outcomes, including binary and multi-

class classifications, right-censored time-to-event data for survival analysis, and quantitative 

outcomes for regression tasks. It can process both nominal and continuous features, as well 

as medical images (e.g., histopathological slides and X-rays) and medical signals (e.g., 

electrocardiograms and ballistocardiograms). 

However, within the scope of our work, we focused only on regression task using tumour 

gene expression profiles and clinical data. JADBio accepts input as a two-dimensional table, 

with rows representing patient samples and columns for gene and clinical features, one of 
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which specifies the outcome of interest (e.g., drug response). JADBio then analyses this 

dataset fully automatically, applying standardisation and mean imputation to continuous 

variables, and mode imputation to categorical ones, while removing features with constant 

values. For feature selection, JADBio used the Statistical Equivalent Signatures (SES), the 

Least Absolute Shrinkage and Selection Operator (LASSO), and univariate methods. During 

model development, JADBio employs ridge linear regression, support vector regression 

(SVR) with linear, polynomial, and Gaussian kernels, DT, and RF. Configurations are obtained 

by taking all combinations of one modelling algorithm, one feature selection algorithm, and 

hyperparameter values (imputation is included, if applicable). In brief, JADBio analysis 

(Figure 2) follows a four-stage process that includes: 

i. Algorithm and hyper-parameter space selection (AHPS) system: the process 

involves selecting the combinations of feature selection techniques, algorithms, and 

hyperparameter values to generate a configuration space to explore. It also 

determines the hyperparameter values of the generalised cross-validation (CV) 

algorithm, i.e., the protocol used to estimate the performance of each configuration. 

These hyperparameters include the value of R repeated, K-fold, and N-incomplete CV. 

Once the AHPS determines the configurations to be tested, JADBio uses grid search 

for hyperparameter tuning and employs early dropping (ED) and early stopping (ES) 

techniques to reduce computations without compromising quality. ED stops cross-

validating configuration that is unlikely to be the winning one, while ES stops 

repeating CV with different partitions early when there is no improvement in 

confidence intervals (CIs) across CV repeats. 

ii. Configuration generator (CG): it instantiates the configurations to be evaluated. 

iii. Configuration evaluator protocol (CEP): it uses the generalised CV to identify the 

winning configurations. Generalised CV is a stratified, R repeated, K-fold, N-

incomplete CV that accepts the values of R, K, and N as hyperparameters, decided by 

the AHPS system. It repeatedly applies each configuration on different partitions of 

the data to train a model and estimate its performance on the remaining data. The 

model’s predictions on the held-out fold are stored as the out-of-sample predictions 

for each configuration. The performance estimate of the configuration is calculated as 

the mean performance across all folds. Then CEP finds the best ML model with the 

best performance over all tried configurations and its confidence interval. 

iv. Performance estimator (PE) and final model generator: it produces the final 

model and its performance. The final model is built using all available samples, 

employing the winning configuration as determined by the CEP, given the final 

selection of features. In this way, JADBio does not directly assess the performance of 

the final model. Instead, it evaluates the performance of the configuration used to 

build the final model by using a generalised CV from the CE, which has already 

estimated the out-of-sample performance of the models produced by the winning 

configuration.  
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Figure 2. The workflow of the JADBio system. Initially, the dataset are input into the AHPS, 

which then feeds the CG with a list of feature selection techniques, algorithms, and the range 

of hyperparameter values. The CEP subsequently identifies the best ML model with the best 

performance. 

To reduce the bias from testing multiple configurations, JADBio applied bootstrap bias 

corrected-CV (BBC-CV) to adjust prediction performances for each configurations tried. This 

process uses a matrix of out-of-sample predictions across all configurations during CV, with 

each row representing an out-of-sample prediction, each column a configuration, along with 

corresponding true labels. In brief, the procedure of BBC-CV involves the following steps: for 

each bootstrap iteration, a subset of out-of-sample predictions was randomly sampled, with 

the replacement, for each configuration. This preserves the sample size of the original 

dataset, regardless of the potential presence of duplicate samples. The best configuration is 

selected based on the desired evaluation metric score (e.g., the highest MCC for classification 

or the lowest mean squared error (MSE) for regression). Then, the model performance is 

computed on the remaining samples using this best configuration. BBC-CV outputs the 

probability distribution of the expected performances along with 95% CIs. The final BBC-CV 

score is estimated as the average of these performance across all bootstrap iterations. 

Therefore, the performance estimation of BBC-CV can be applied with minimal computation, 

as it only requires bootstrapping the out-of-sample predictions without training new models. 
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Table 4. ML algorithms and optimisation techniques, including preprocessing, feature 

selection, model selection, and hyperparameter tuning used in JADBio 

Steps Methods Hyperparameters min max 

Data-

preprocessing 

Mean/mode imputation NA NA NA 

Constant removal NA NA NA 

Standardisation NA NA NA 

Feature 

selection 

SES maxK 2 3 

LASSO alpha 0.01 0.1 

Univariate  NA  NA NA 

Modelling Ridge linear regression lamda 0.0001 100 

Linear support vector 

regression 

epsilon 0.0001 0.5 

cost 0.001 100 

Polynomial support vector 

regression 

epsilon 0.0001 0.5 

cost 0.001 100 

degree 2 4 

gamma 0.001 100 

Gaussian support vector 

regression 

epsilon 0.0001 0.5 

cost 0.001 100 

gamma 0.001 100 

Random forest minLeafSize 3 9 

nTrees 100 1000 

Decision tree minLeafSize 3 9 

alpha 0.01 0.1 

Evaluation 

protocol 

Generalised cross-validation 

R repeated 1 20 

K-fold 1 10 

N-incomplete CV 1 K 

Early dropping 0 1 

Early stopping 0 1 

 

2.9 ML fundamentals 

This section provides guidance for researchers, including non-experts in ML, on how to 
develop robust ML workflows tailored to their specific applications. It aims to ensure that all 
important steps are followed, and decisions are made with a solid understanding of 
fundamental ML principles to avoid common pitfalls. The section begins with an overview of 
supervised ML workflow architecture, followed by detailed discussions on data pre-
processing, and model selection, which includes algorithms and methods for training, 
validation, and evaluation. 
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2.9.1 The general architecture of the supervised ML workflow 

ML models can be categorised into four types based on the input data used: supervised, 

unsupervised, semi-supervised, and reinforcement learning. In precision oncology, 

supervised learning models represent one of the most commonly used ML approaches, 

applied in cancer diagnosis, treatment response prediction, and cancer survival prediction 

(e.g., OS or PFS). Supervised learning is where the input data is paired with the corresponding 

labelled output, allowing the model to learn from the provided examples and be guided by 

the known correct answers between the input and output to make accurate predictions or 

classifications on new, unlabelled data. There are two varieties of supervised learning 

algorithms: classification and regression algorithms. Classification algorithms are 

probability-based, meaning the outcome is the category to which the algorithm finds the 

highest probability that the sample belongs to it. Regression algorithms, in contrast, estimate 

the outcome of samples as continuous values. 

A supervised ML workflow typically includes data collection and pre-processing, model 

training, testing, and evaluation. To ensure that the ML project is successful, it is important 

to pay attention to these steps carefully. As depicted in Figure 3, an ML workflow begins with 

the collection of data, including electronic medical records (EMRs), imaging, and omics data. 

EMR data consists of patient-level information such as patient demographics, medical and 

social history, medications, diagnoses, procedures, vitals, and laboratory results. These data 

are standardised across patients within a healthcare system and consistent across systems 

using the same EMR provider. For patients who continue within a single healthcare system, 

the EMR provides a comprehensive and longitudinal view on their health progressions. 

Imaging data, including CT/magnetic resonance imaging (MRI) scans or pathology slides, 

provides information about a patient’s condition and is particularly relevant in cancer 

diagnosis and treatment. Meanwhile, omics data, including genomics, transcriptomics, 

epigenomics, and proteomics, has become increasingly available due to the decreasing 

costs of sequencing technologies and the increased capacity for data storage[223]. Despite 

these advancements, the availability of high-quality, well-labelled, and sufficiently large 

datasets remains a significant challenge.  Data is like fuel for ML models, no matter how 

sophisticated the model, it cannot perform well without the reliability and relevance of the 

data it processes. 

Once data is collected, it must be properly pre-processed for it to be useful as part of an ML 

workflow. This process involves data cleaning (handling missing values or outliers), data 

normalisation (ensuring a common scale for all features), encoding categorical features 

(transforming nominal variables into a format that ML algorithms can understand), and 

feature selection (selecting the most relevant features that facilitate the model prediction). 

To build a predictive model, it is important to ensure that the model is not overfitting during 

the training process so that better model generalisation is achieved in the testing phase and 

future use of this model. Common approaches to prevent model overfitting include CV. The 

process involves splitting the data into training and testing sets. The training set, where the 

input data is paired with the corresponding labelled output, is input into ML algorithms for 
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learning and modelling. The algorithm will identify patterns that best describe the output, 

which then be used to predict the labels for new, unseen data. Hence, the predicted outcomes 

are obtained by learning the state of input features. Examples of typical supervised learning 

include linear/logistic regression, SVC, KNN, DT, RF, XGBoost, and light gradient boosting 

machine (LGBM).  

Following training and testing of the model, model evaluation is an important step that uses 

various evaluation metrics to understand an ML model’s ability to make accurate predictions 

on new, unseen data. This involves comparing the model's predictions with the true labels. 

Different evaluation metrics are used depending on the type of model. Classification models 

are evaluated using metrics derived from the confusion matrix, which categorises outcomes 

into true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN), to 

calculate metrics such as MCC, accuracy, precision, recall, and F1-score. Regression models 

are assessed using metrics such as mean absolute error, mean squared error, and R-square.  

Once we have our model, the final phase in the ML workflow is the model deployment, where 

the trained in-silico model is developed and applied to test new, unseen sample data in real-

world settings to verify the learning results. 

 

 

Figure 3. Schematic of ML workflow.  

 



30 
 

2.9.2 The overview of data pre-processing for ML 

In recent years, the application of ML to predict disease outcomes using omics and other 

medical data has exponentially risen in the field of precision oncology. While ML models 

generally improve with larger datasets, the quality of the data is equally crucial. High-quality 

data enhances the ability to identify patterns, extract insights, and make accurate 

predictions, whereas poor-quality data can degrade model performance. However, real-

world datasets used in ML are often messy, containing missing values, inconsistencies, 

out-of-range values, and duplicates caused by human and measurement errors. Addressing 

these issues through data pre-processing is essential to build robust ML models. Data 

preprocessing involves preparing and transforming raw data into a format suitable for 

training, with steps such as handling missing values, encoding categorical variables, and 

scaling features. These techniques are key for ensuring data quality and usable format for the 

ML algorithms. This section outlines guidelines for data pre-processing, including what it is, 

its benefits, steps, and examples. 

2.9.2.1 Handling missing values 

The primary issue with omics and medical data involves the presence of missing values, 

which are typically represented as NaNs or blank. Most ML algorithms require complete data, 

making it important to address missing values before modelling. Common strategies include 

removing samples or features with missing values or imputing missing values using a 

descriptive statistic (e.g., mean, median, or mode) or more advanced methods. Failure to 

address missing values can lead to inaccurate and flawed conclusions from the data. The 

following are key approaches to handling missing data: 

i. Dropping samples or features 

This approach involves discarding samples or features with at least one missing value 

presented, or with a certain percentage (e.g., 20%, 50%, 70%) of values missing. 

While this prevents introducing excessive noise into the dataset, can lead to 

significant data loss. It is recommended only when the dataset has a sufficient number 

of samples or features. 

ii. Statistical imputations 

Missing values are replaced with calculated statistics such as the mean, median, or 

mode. Mean and median for numerical data, and mode for categorical data. In many 

studies, statistical imputation is commonly used due to its simplicity and ability to 

minimise information loss. However, they may also introduce bias into the dataset. 

iii. Model-based imputations 

Earlier approaches for handling missing values do not use the correlation advantage 

between the feature with the missing value and other features. In contrast, this 

approach employs predictive models to impute missing values using information 

from other features in the dataset. Depending on whether the missing feature is 

categorical or continuous, regression or classification models are applied. While this 
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method is effective when clear relationships exist among features, it requires 

advanced expertise and can be computationally intensive. 

2.9.2.2 Categorical feature encoding 

Since the majority of ML algorithms are primarily designed to operate with numerical data, 

categorical variables, which can be either nominal or ordinal, need to be converted into 

numerical formats. This process, known as feature encoding, enables ML models to 

effectively interpret and utilise categorical information during training. 

For nominal variables, one-hot encoding is a widely used method that transforms each 

category into a binary format. This approach generates new binary columns for each 

category in the original variable, where a value of 1 indicates the presence of the category 

and 0 its absence. Unlike assigning numerical values (e.g., male = 0, female = 1), which could 

imply unintended ranking and bias predictions, one-hot encoding treats categories 

independently, avoiding such issues. However, it significantly increases dimensionality by 

adding a column for each category, leading to sparse data with many zero values. This can 

complicate models, increase training time, and lead to overfitting, especially when the 

variable has many categories, and the sample size is small. Therefore, one-hot encoding 

should be applied cautiously, and alternative methods, such as binary encoding, may be more 

suitable in such cases. 

For ordinal variables, label encoding assigns a unique integer to each category based on its 

meaningful sequential order, typically starting at 0 and increasing by 1 for each category. For 

instance, a variable like size with categories small, medium, and large can be encoded as 0, 1, 

and 2, reflecting the ranking small < medium < large. This method keeps the feature space 

compact, unlike one-hot encoding, which can significantly increase the dataset's 

dimensionality. 

2.9.2.3 Data scaling 

Data scaling is a crucial pre-processing step in ML, particularly when datasets include 

features with varying scales and units. It transforms feature values to a similar scale, 

ensuring all features contribute equally to the model and often leading to significantly 

improved performance compared to models trained on unscaled data. In biomedical 

research, gene expression data from high-throughput sequencing and microarray 

technologies are widely used. Their workflows typically involve normalisation, which aims 

to correct systematic variations in measurements before proceeding to data analysis[224]. 

However, gene expression normalisation and data scaling serve different purposes. While 

normalisation addresses systematic biases, normalised gene expression data still require 

additional scaling to optimise suitability for ML model training. Training models on scaled 

gene expression data consistently yields higher predictive accuracy compared to unscaled 

data, highlighting the importance of data scaling in ML workflows[225]. Two data scaling 

algorithms are widely used: the Min-max algorithm and the Z-score algorithm. 
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i. Min-max algorithm 

The min-max algorithm applies a linear transformation to the original data for data 

scaling. Let 𝑥𝑚𝑖𝑛 and 𝑥𝑚𝑎𝑥 represents the minimum and the maximum values of a 

variable within the training datasets. The min-max algorithm maps a given value, 𝑥, 

of this variable to a normalised value, 𝑥′ , within the range [0, 1] using the following 

formula:  

 

𝑥𝑖
′  =   

𝑥𝑖 − 𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥 − 𝑥𝑚𝑖𝑛
 

 

However, if values in testing datasets fall outside of the range [𝑥𝑚𝑖𝑛, 𝑥𝑚𝑎𝑥] of the 

training data, the resulting scaled values will be out of the bounds of [0, 1] interval, 

potentially leading to issues in certain applications. 

ii. Z-score algorithm 

The Z-score algorithm rescales features to a standard normal distribution. Each 

feature value is transformed by subtracting the mean (μ) of the feature and dividing 

by its standard deviation (SD) (σ) in the training samples, resulting in a mean of 0 and 

an SD of 1. The z-score of a sample 𝑖 (𝑥𝑖
′) is calculated as follows: 

𝑥𝑖
′  =   

𝑥𝑖 − 𝜇

𝜎
 

Z-scores indicate how many SDs a data point is away from the mean. However, this 

algorithm does not map the original data into an interval and is highly sensitive to 

outliers, which can skew scaling, especially in small sample sizes. In addition, the 

mean and SD derived from limited data may not accurately approximate their true 

values, leading to poorly scaled features and reduced model performance. 

2.9.2.4 Handling data imbalance in ML 

Data imbalance is a common challenge in medical datasets for diagnosing and predicting 
malignant tumours[226], heart disease[227], cardiovascular disease[228], and pregnancy-
related conditions[229]. It arises when the majority class significantly outnumbers the 
minority class, leading to biased predictive models. In such cases, models may achieve high 
overall accuracy while failing to identify minority-class samples [230], [231]. For instance, 
in a diagnostic dataset of 1,000 cancer patients, only 10 may be diagnosed with cancer, while 
the rest are classified as healthy. A model that predicts all samples as healthy would achieve 
99% accuracy but fail to identify cancer cases. Therefore, addressing this imbalance is crucial 
for ensuring that ML models perform well across all classes. The following section discusses 
common data balancing techniques to balance the class distribution and mitigate a skewed 
class distribution in the classification process.  
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2.9.2.4.1 Oversampling 

Oversampling is a preprocessing technique used to address class imbalances before model 
training. It increases the representation of the minority class by either duplicating existing 
instances or generating synthetic data points. This helps prevent algorithms from 
disregarding underrepresented yet important classes and reduces the cost of FNs. While 
oversampling is relatively easy to implement, it carries a risk of overfitting, especially if the 
duplicated or synthetic samples do not accurately reflect the true data distribution. Since 
some methods simply replicate existing samples, the model may memorize these instances 
rather than learning generalizable patterns. Moreover, oversampling can be computationally 
demanding, particularly for large datasets[232]. Common oversampling techniques include: 

i. Random over-sampling: This approach mitigates class imbalance by duplicating 
instances from the minority class at random[233], [234]. 

ii. Synthetic minority over-sampling technique (SMOTE): New synthetic samples 
are produced by interpolating between existing minority class instances and their 
nearest neighbours[235]–[237]. 

iii. Adaptive synthetic sampling (ADASYN): This method prioritises the generation 
of synthetic samples for harder-to-learn minority class instances, thereby 
improving class balance[238], [239]. 

iv. Borderline-SMOTE (BSMOTE): Synthetic samples are generated from minority 
class instances located near decision boundaries[240]. 

v. KMeans SMOTE (KMSMOTE): This technique integrates KMeans clustering with 
SMOTE to create synthetic samples that better represent the minority class 
distribution[241]. 

vi. Support vector machine SMOTE (SVMSMOTE): This method utilizes Support 
Vector Machines to generate synthetic samples near the minority class decision 
boundaries[242], [243]. 

2.9.2.4.2 Undersampling 

Undersampling is a resampling technique used to address data imbalance by reducing the 
number of instances in the majority class to create a more balanced dataset. This prevents 
the model from being overwhelmed by the majority class and ensures that the minority class 
receives equal importance in training. While undersampling can simplify the dataset and 
speed up training, it can also lead to information loss, which may hinder the model's ability 
to learn crucial patterns. It is particularly useful when dealing with very large datasets, but 
may not be ideal for small datasets due to potential loss of valuable information[244], [245]. 
Common undersampling techniques include: 

i. Random under-sampling: Addresses class imbalance by randomly discarding 
samples from the majority class[233], [246]. 

ii. TomekLinks: Eliminates majority class samples identified as Tomek Links, which are 
considered to be boundary or noisy instances[247], [248]. 

iii. NearMiss: Selects majority class samples that are closest to minority class examples, 
ensuring a more balanced dataset[248], [249]. 
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iv. Cluster centroids (ClusterC): Applies k-means clustering to group majority class 
samples and balances the dataset using the cluster centroids[250], [251]. 

v. Edited nearest neighbours (ENN): Utilises the KNN approach to remove 
misclassified majority class samples[235], [249]. 

vi. Condensed nearest neighbour (CNN): Reduces the majority class samples by 
iteratively partitioning the dataset into subsets using the nearest neighbour 
algorithm[252]. 

vii. Instance hardness threshold (IHT): Filters out samples that are difficult to classify 
based on their instance hardness score[253], [254]. 

viii. One-sided selection (OSS): Combines 1-nearest neighbour (1-NN) with Tomek 
Links to retain minority class samples and remove boundary majority samples[235], 
[240]. 

2.9.2.4.3 Combining resampling 

Combining oversampling and undersampling can help mitigate the drawbacks of each 
method while leveraging their advantages. The goal is to strike a balance between preserving 
information from both the majority and minority classes and addressing class imbalance. 
This approach is particularly useful when choosing between oversampling or undersampling 
is not clear-cut. Depending on the problem, experimenting with different combinations could 
help identify the most effective strategy. Examples of such techniques include: 

i. SMOTETomek: Integrates the SMOTE and TomekLinks techniques by first 
synthesising new samples for the minority class and subsequently eliminating noisy 
and borderline samples[247], [248], [255]. 

ii. SMOTEENN: Combines SMOTE with the ENN method, generating synthetic minority 
class samples before filtering out misclassified instances[240], [248], [255]. 

2.9.2.4.4 Algorithm-level techniques 

In addition to resampling techniques, algorithm-level methods are another set of strategies 
used to address data imbalance in ML. These techniques involve adjusting the algorithms 
themselves to handle imbalanced datasets more effectively. They are particularly useful 
when working with imbalanced data without modifying the dataset itself, when resampling 
techniques are not suitable due to dataset size limitations, or concerns about information 
loss, want to retain the original data distribution while ensuring the model adapts to the 
imbalance, or if you prefer algorithms that inherently handle class imbalance without 
additional preprocessing steps, these techniques are a good choice. Here are some key 
algorithm-level techniques: 

i. Class weighting: Many ML algorithms allow assigning different weights to classes, 
encouraging models to focus more on the minority class by giving it higher weights. 
This approach avoids altering the dataset size, minimizing the risk of losing valuable 
information or generating synthetic data[256]. 

ii. Cost-sensitive learning: Cost-sensitive learning explicitly assigns different 
misclassification costs to each class. The model is trained to minimize the overall cost, 
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encouraging better classification of minority class instances, even at the expense of 
more false positives in the majority class[257]. 

iii. Threshold adjustment: By modifying the classification threshold, you can balance 
precision and recall in binary classification. Lowering the threshold increases recall, 
making the model more sensitive to the minority class, at the expense of 
precision[258], [259]. 

2.9.2.5 Data splitting 

Proper data splitting is crucial in ML to ensure the reliability and generalisability of a model. 

The objective is to estimate the performance of ML models when they are used to make 

predictions on new, unseen data that are not used during the training process, simulating 

real-world scenarios. Typically, the dataset is divided into two subsets: the training set and 

the testing set. The training set, containing input features and their corresponding labels, is 

used to train the model. Through this process, the model identifies patterns in the data and 

applies these learned patterns to make predictions on the testing set, which is reserved for 

evaluating the model's performance to avoid any data leakage. 

The most common splitting method is random sampling, where the dataset is shuffled and 

randomly assigned to training or test sets according to predefined ratios. For class-balanced 

datasets, this approach ensures an unbiased split. However, with class-imbalanced datasets, 

where certain classes have significantly fewer samples than others, random sampling can 

introduce bias. In such cases, stratified splitting is preferred as it preserves the original class 

distribution across the splits. This helps the model recognise patterns and make predictions 

for all classes, reduces the risks of overfitting or underfitting, and enhances its robustness 

and reliability[260], [261]. 

2.9.3 Binary classification by regression algorithms 

Binary classification is a type of supervised learning in which an algorithm predicts an 

outcome that belongs to one of two possible classes based on input features. For instance, a 

spam filter represents a classic example of binary classification, where incoming emails are 

categorised as either spam or legitimate. To train such a model, a labelled dataset of emails 

is provided, where each email is indicated as spam or not. Using this labelled data, the model 

learns patterns and features associated with spam, such as specific keywords, phrases, or 

formatting styles. Once trained, the model can classify new incoming emails by analysing 

their features and predicting their label. A well-trained spam filter enhances user experience 

by minimising unwanted emails while ensuring legitimate emails are not misclassified. 

In oncology, binary classification can potentially be helpful in categorising tumours based on 

their characteristics, including tissue of origin, histopathology, genetic alterations, or clinical 

outcomes, such as drug responses [46], [262]–[266]. For instance, a binary classifier can be 

trained on large datasets to classify whether a breast cancer patient will respond to paclitaxel 

or not (responder vs. non-responder) using clinical information and molecular profiles[46]. 

Accurate classification can assist healthcare professionals in guiding treatment decisions, 
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potentially sparing non-responders from harmful side effects while considering alternative 

treatments without delay. 

Binary classification offers several advantages, including simplicity, computational efficiency, 

and ease of interpretation. This approach is highly useful in healthcare, where many 

decisions involve binary outcomes, such as disease presence or drug response. However, its 

applicability is limited to tasks with only two outcomes. Some cases may have more than two 

classes. For example, drug response assessed by RECIST criteria includes four categories: CR, 

PR, SD, and PD. To fit a binary classification, similar categories must be grouped (e.g., CR and 

PR as responders, SD and PD as non-responders), leading to information-wasting.  

An alternative approach is to use regression algorithms, which predict continuous values and 

can be adapted for classification tasks by applying a decision threshold to assign class labels. 

Samples with predicted values above the threshold are assigned to one class, while those 

below the threshold are assigned to another. One key benefit of this approach is that a 

regression algorithm can learn from all patient response labels (CR, PR, SD, and PD) during 

training without grouping them into binary categories (CR and PR as responders, SD and PD 

as non-responders). In addition, applying thresholds to predicted values allows regression 

models to be evaluated using binary classification metrics such as MCC, precision, and recall, 

aligning with the objectives of binary classification tasks while mitigating the information 

loss in binary grouping. 

Traditional classification models trained on imbalanced datasets often become biased 

toward the majority class, leading to high overall accuracy but poor recognition of the 

minority class. In contrast, regression models are less susceptible to this issue, as they 

predict a continuous outcome rather than relying solely on majority-class frequency during 

training. This characteristic reduces the risk of bias and improves the model's ability to learn 

from all available response labels. 

2.9.4 Supervised ML algorithms 

2.9.4.1 Linear/logistic regression 

LR is a widely used statistical modelling employed to identify the linear relationship between 

a dependent variable (outcome) and one or more independent variables (features). When 

there is only one independent variable and one dependent variable, it is known as simple 

regression. As the number of independent variables increases, it is referred to as multiple 

regression. LR aims to find the best-fitting straight hyperplane to the training data (a straight 

line when using only two variables) that minimises the sum of squared residuals (SSR).  The 

LR assumes a parametric linear function for the model as follows: 

𝑓(𝑋) = 𝛽0 + 𝛽1𝑥1 + ⋯ + 𝛽𝑛𝑥𝑛 

Where 𝛽0 is the y-intercept, 𝛽0, 𝛽1, … , 𝛽𝑛 represents the coefficients for the respective 

features 𝑥1, 𝑥2, … 𝑥𝑛. 
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The main advantage of LR lies in its simplicity, making it accessible to a wide range of users. 

The coefficients within an LR model have clear interpretations, allowing for an easy 

understanding of the impact of each independent variable on the dependent variable. In 

addition, it exhibits high computational efficiency as it does not require complicated 

calculations and runs predictions fast, even with large datasets. However, LR assumes a 

linear relationship between the dependent and independent variables, which can be overly 

simplistic. Real-world datasets often exhibit complex and nonlinear relationships that cannot 

be adequately captured by LR. In such cases, using LR may result in poor predictive 

performance. Moreover, outliers can have a large effect on the output, as the best-fit line tries 

to minimise the SSR for the outlier points as well[267]. 

2.9.4.2 Decision tree 

DT is a non-parametric supervised ML algorithm proposed by Leo Breiman[268] as an 

alternative to linear models for both classification and regression tasks. This algorithm 

utilises a tree-like structure with nodes and leaf nodes to learn non-linear relationships from 

multiple input features. The root node initialises the process, branching into internal nodes, 

each representing decisions based on specific features, and leaf nodes, which indicate the 

final decisions with a prediction or class label. To build a DT, the feature with the least 

impurity (measured by MSE in regression, Gini in classification) is selected as the root. 

Impurity reflects the goodness of a split. The tree grows by repeating this process at each 

node until reaching a stopping criterion such as a predefined depth of the tree, a minimum 

number of samples in a leaf node, or other criteria. Predictions are made by traversing the 

tree from the root to the relevant leaf node. In regression, the final prediction is derived from 

the mean or weighted average of the values in the leaf node. In classification, however, 

predictions are based on the majority class within the leaf node. 

The strengths of DT include simplicity, making it accessible even to those without a technical 

background. The tree-like structure provides clear and interpretable rules, with each path 

from the root to a leaf node indicating a set of conditions leading to a specific outcome. This 

makes it straightforward to capture and understand non-linear relationships. DT is robust to 

outliers and efficient in both training and prediction, as it can be built and evaluated quickly, 

even with large datasets. However, slight changes in the data can produce significantly 

different trees and DTs tend to overfit, especially with high-dimensional data. As the splitting 

process progresses with a large number of features, the trees become increasingly complex. 

This overfitting can limit the tree’s ability to generalise to new data. Pruning strategies, such 

as setting limits on tree depth or minimum samples per leaf node, can be applied to simplify 

DT and reduce overfitting, though it requires careful tuning[269], [270]. 

2.9.4.3 Random forest 

RF is a supervised learning algorithm that uses an ensemble learning method for 

classification and regression. It operates by building multiple DTs at training and combines 

predictions from the individual trees. This could reduce variance and create more robust and 

accurate final predictions than a single DT. To build an RF model, the method begins with 
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generating multiple bootstrap samples from the training data, where subsets are randomly 

selected with replacement, resulting in multiple training datasets of the same sample size as 

the original, but with different samples. At each node of each tree, a random subset of 

features is considered for splitting. This adds additional randomness and helps decorrelate 

the trees, making the final model more generalisable. Each tree is grown until a predefined 

depth is reached or until further splitting does not significantly improve the model's 

performance. To predict new data, each of the trees makes its own individual prediction. the 

mean of all tree outputs is calculated in regression; for classification, majority voting 

determines the final prediction. 

The strengths of RF regression lie in the ensemble of trees. By averaging the predictions of 

multiple trees, the algorithm tends to be more robust and mitigate overfitting compared to 

single DT models. The tree-like structure allows RF to naturally learn non-linear 

relationships. It usually performs great on many problems, including features with non-

linear relationships, making it a valuable tool for various predictive tasks in ML. The default 

settings for hyperparameters controlling the size of the trees (such as the number of trees in 

the forest, maximum depth of the trees, and the minimum number of samples needed to split 

an internal node, etc.) result in fully grown, unpruned trees, which can become excessively 

large and complex, especially with high-dimensional datasets. To minimise memory usage, it 

is essential to control the complexity and size of the trees by carefully using these 

hyperparameters. In addition, RF is robust to outliers due to its integration of multiple trees, 

hence outliers are less likely to significantly affect the overall model performance. Despite its 

advantages, RF is less interpretable than DT due to its ensemble nature, which involves 

aggregating multiple trees. Training an RF can be computationally expensive, particularly 

when dealing with a large number of trees. More trees are required for more accurate 

predictions, resulting in a slower model[271]–[273]. 

2.9.4.4 eXtreme gradient boosting 

XGBoost, introduced by Chen and Guestrin[274], is an advanced implementation of gradient 

gradient-boosting framework and decision-tree-based ensemble method designed for 

enhanced speed and accuracy. It merged weak learners (DTs) to improve the accuracy of 

predictions. The concept of this algorithm involves sequentially building a series of 

classification or regression trees, where each subsequent tree aims at correcting errors in 

the samples misclassified by the preceding one. It does this by assigning more weights to 

misclassified samples and lower ones to samples that are correctly classified and updating 

these weights based on the gradient of the loss function relative to current predictions. The 

process continues, adding DT sequentially in a level-wise manner until a specified stopping 

criterion is met, such as perfect prediction of the training data or reaching the maximum 

number of trees. The final prediction is determined by either calculating a weighted average 

of the predictions from all the DTs for regression or a majority voting for classification. 

XGBoost has gained significant attention in recent years for its ability to handle complex non-

linear relationships and its high accuracy, making it a popular choice for ML tasks. It is 
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designed to be fast and efficient by incorporating parallel processing, even for large datasets. 

It includes regularisation techniques that help to prevent overfitting, which is a common 

problem in ML. It uses a combination of L1 and L2 regularisation to reduce the complexity of 

the model, resulting in more robust and accurate predictions. However, XGBoost is complex, 

requiring technical expertise to effectively implement and optimise. It can be memory-

intensive, especially when training with a large dataset. This can make it challenging to run 

with limited resources, leading to slower performance. While XGBoost includes 

regularisation techniques to prevent overfitting, it is still possible for the algorithm to overfit 

the training data when a large number of trees are employed, highlighting the importance of 

careful hyperparameter tuning. In addition, it lacks transparency, making it difficult to 

interpret and understand how it makes predictions[275]. 

2.9.4.5 Light gradient boosting machine 

LGBM, developed by Microsoft[276], is a tree-based supervised ML algorithm for both 

classification and regression tasks. It is a gradient-boosting implementation similar to 

XGBoost, combining DTs sequentially as weak learners to form a robust predictive model that 

can accurately classify new data. Unlike level-wise tree growth in the XGBoost algorithm, 

LGBM adopts a leaf-wise approach, growing the leaf with the maximum loss reduction at 

each step. This strategy produces deeper, narrower trees, often improving computational 

speed and reducing loss more effectively. In addition, LGBM addresses XGBoost's limitations 

in handling high-dimensional and large datasets, where XGBoost requires scanning all the 

data samples to compute information gain for every possible split point, making it 

computationally expensive and time-consuming. To overcome this, LGBM incorporates two 

main techniques: exclusive feature budling (EFB) and gradient-based one-side sampling 

(GOSS). EFB is a feature-reduction method by bundling mutually exclusive features (i.e., 

those that do not take non-zero values simultaneously) into a single feature. It is especially 

helpful for high-dimensional or sparse datasets, reducing the number of features and 

accelerating training while minimising memory usage. GOSS prioritises samples contributing 

most to gradient updates, discarding low-gradient samples while maintaining the model's 

accuracy. This reduces the data size for split point estimation, further improving efficiency. 

These techniques make LGBM a fast and effective choice for large-scale datasets and high-

dimensional features. 

One of its strengths is that LGBM outperforms other algorithms in terms of faster training 

speed, reduced memory usage, and its ability to handle complex, non-linear datasets with a 

large number of features, making it a popular choice for real-world applications. It uses 

techniques like EFB and GOSS to minimise time and computational cost by performing fewer 

calculations when determining the best split at each tree node. In addition, LGBM is highly 

customisable, with many different hyperparameters, such as the learning rate, number of 

leaves, and maximum tree depth, that could be tuned to improve performance. However, its 

leaf-wise tree growth can increase model complexity, leading to potential overfitting, 

especially with small datasets or improper hyperparameter tuning. Optimising these 
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hyperparameters can be time-consuming and challenging, and model complexity can make 

it harder to interpret[277]–[279]. 

2.9.4.6 Support vector machine 

SVM, developed by Drucker et al.,[280] based on the concept of Vladimir Vapnik[281], is a 

supervised ML algorithm initially designed for binary classification and later adapted for the 

prediction of continuous values prediction as SVR. Both approaches aim to minimise 

prediction error by optimising a hyperplane. In SVM, the hyperplane serves as the 

classification boundary that best separates classes, with its margin defined as the distance 

between the closest data points (support vectors) from each class. These support vectors 

determine the hyperplane's position and orientation. In SVR, the concept of a hyperplane 

margin is extended to an ε-insensitive tube. This tube allows some deviation of the data 

points within a distance ε from the hyperplane without being counted as errors. The 

objective of SVR is to find a hyperplane that best fits the data that fall within the ε-insensitive 

tube. Points outside this tube (support vectors) contribute to prediction error, quantified by 

slack variables (ξ), which measure their distance from the tube boundary. 

SVM/SVR transform data into a higher-dimensional space to identify a separating decision 

surface. This process is referred to as a kernel function. One of the reasons for their flexibility 

and effectiveness is their ability to use different types of kernels. The two most commonly 

used kernels are the linear kernel and the radial basis function (RBF). The linear kernel is 

well-suited for large datasets with a linear relationship and provides faster computation 

compared to other kernels. When dealing with non-linear data, it becomes necessary to 

consider using non-linear kernels, such as the RBF, which can be more computationally 

expensive. Thus, selecting the appropriate kernel depends on the type of problem, the 

computational complexity, and the characteristics of the data. However, a notable drawback 

is the lack of result transparency, as the algorithm does not provide how predictors are 

combined to optimise the hyperplane, reducing interpretability[282]–[285].  

2.9.4.7 K-nearest neighbour 

The KNN algorithm is a non-parametric, supervised learning method widely used for 

classification and regression tasks in ML. It operates on the principle that similar data points 

are located near each other, using proximity to make predictions. For classification, KNN 

assumes that data points with similar input values belong to the same class, while for 

regression, similar inputs yield similar outputs. To predict the label or value of a new data 

point, KNN calculates the distance between the query point and all other data points using 

metrics such as Euclidean, Manhattan, Minkowski, or Hamming distances. It then selects the 

specified number of data points (K) closest to the query in the feature space. The prediction 

is made by either assigning the class label most frequently represented among the K nearest 

neighbours (majority vote) for classification or averaging the labels of the K nearest 

neighbours for regression. For instance, if k=1, the query point is assigned to the same class 

or value as its single nearest neighbour.  
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KNN is effective for small to moderately sized datasets, especially when relationships 

between features are non-linear. Its simplicity, with only one hyperparameter (K) to tune, 

makes it straightforward to optimise. However, choosing an appropriate K value requires 

balancing: low K values may result in high variance but low bias (overfitting), while high K 

values can lead to high bias but low variance (underfitting). Noisy or outlier-prone data 

typically perform better with higher K values, and CV helps identify the optimal K. Using an 

odd K for classification avoids ties. Despite its advantages, KNN has limitations. It struggles 

with high-dimensional data, where distances between points become less meaningful as the 

number of features increases, and it is computationally intensive during prediction due to 

the need to calculate distances for all training points. The algorithm is sensitive to noise and 

outliers, which can significantly affect distance calculations and can skew results. In addition, 

feature scaling is essential for meaningful distance calculations[286]–[288]. 

2.9.5 Model building and evaluation 

2.9.5.1 The general procedure of k-fold CV 

CV is a resampling method used to estimate the performance of ML models by training and 

testing them on different subsets of the data. It is particularly useful when working with 

limited data samples. The main objective is determining how well the model generalises to 

unseen data. Unlike a single train-test split, which evaluates the model only once and risks 

yielding overly optimistic results by chance, CV performs multiple iterations of training and 

validation, providing a more robust and reliable evaluation of the model's performance. 

A common CV technique is a k-fold CV, where the dataset is divided into k equally sized folds. 

The model is trained and tested k times, with each fold serving as the testing set once while 

the remaining folds are used for training. After each iteration, an evaluation metric (e.g., 

prediction error) is computed, resulting in k performance estimates. The final performance 

estimate is the average of these values. This process ensures that the model is evaluated on 

independent subsets of data, reducing bias and providing a more reliable estimate of 

generalisation error (Figure 4). 

The key hyperparameter for k-fold CV is k, the number of folds. Common choices for the value 

of k are either 5 or 10. For instance, with k = 10, the dataset is split into ten folds, where nine 

folds are used for training and the remaining one for testing in each iteration. The choice of 

k depends on the desired balance between bias, variance, and computational cost. Larger k 

values (e.g., >10) reduce bias in the error estimate but can increase variance, computational 

time, and may limit the model’s ability to capture differences across iterations. Smaller k 

values (e.g., <5) reduce computational time but may introduce bias into the error 

estimate[289]. 
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Figure 4. The example of k-fold CV with k=10. The dataset is divided into 10 equally sized 

folds. In each iteration, one-fold is used as the test set (orange), while the remaining folds are 

used as the training set (blue). This process is repeated ten times, with each fold serving as 

the test set exactly once. The model's overall performance is calculated as the average of the 

estimate across all iterations. 

2.9.5.2 Nested k-fold CV with OMC feature selection 

High-dimensional omics data, such as genomic, transcriptomic, and epigenomic datasets, has 

become a more common challenge in biomedical research, where the number of features is 

larger than the number of samples. Many features may be redundant or irrelevant, which can 

reduce model accuracy and generalisation. Feature selection is therefore crucial in ML to 

identify the most relevant features while discarding irrelevant ones, enhancing model 

performance. 

SelectKBest, a widely used filter-based feature selection method in scikit-learn, scores 

features using statistical tests to select the top k features based on their relevance to the 

target variable. For regression tasks with numerical inputs and outputs, correlation 

coefficients like Pearson’s (linear relationships) and Spearman’s rank (non-linear 

relationships) are commonly used. When the output is categorical, as in classification tasks, 

correlation techniques account for the categorical target, with methods like analysis of 

variance (ANOVA) for linear relationships and Kendall’s rank coefficient for non-linear cases 

(assuming the categorical output is ordinal). For less common cases involving categorical 

inputs and numerical outputs, the same techniques (e.g., ANOVA, Kendall’s rank) are applied 

in reverse. In classification problems with categorical inputs and outputs, the chi-squared 

test is the most common approach, while mutual information, derived from information 

theory, can also be used[290], [291]. 

Building on this principle, we developed the OMC feature selection strategy to build ML 

models using only the most relevant features[45]. OMC consists of three key steps: (i) ranking 

features based on their relevance to the target variable, (ii) training ML models on subsets of 

features, and (iii) selecting the model with the optimal number of features. Feature relevance 

is assessed by calculating correlation scores with the target output. We then select the top 2 



43 
 

to n/2 features (where n is the sample size) as the most informative, ensuring that the ML 

model will not be challenged by high-dimensional data. A nested k-fold CV process is used to 

optimise feature selection and evaluate model performance through a series of 

train/validation/test set splits. In the inner loop, models are trained on the training set with 

subsets of features and select the optimal number of features over the validation set. In the 

outer loop, the final model is built with the selected features and evaluated on the test set, 

which is not used during feature selection for unbiased performance assessment. This 

process is repeated across all outer folds, and generalisation error is estimated by averaging 

test set scores across splits (Figure 5). 

Feature selection offers several advantages: it improves model accuracy, reduces 

dimensionality, and minimises data noise. ML models incorporating feature selection are 

more interpretable and less prone to overfitting, particularly in high-dimensional datasets. 

However, nested k-fold CV is computationally intensive due to the large number of models 

that must be trained in the inner loop. In addition, statistical measures for feature selection 

evaluate each input feature independently against the target output. While this approach 

effectively identifies important features, it may lead to the selection of redundant ones and 

does not account for interactions between them[292]. 

 

Figure 5. Nested k-fold CV scheme for feature selection. 

2.9.6 ML model evaluation metrics 

The main objective of predictive modelling is to build a model that has high performance for 

making accurate predictions on new, unseen data. Achieving this requires robust training on 

a training set followed by rigorous evaluation on a testing set. Evaluation metrics are 

quantitative measures used to assess an ML model's performance, offering insights into how 

well the model performs and facilitating model comparisons. Choosing the right evaluation 

metrics depends on the problem domain, data type, and desired outcomes. This section 

provides an overview of key evaluation metrics for binary classification tasks, highlighting 

their advantages and limitations. 
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In binary classification, outputs are limited to two classes: positive (1) and negative (0). 

Model performance is commonly represented using a confusion matrix, a 2 × 2 table with 

true classes on the x-axis and predicted classes on the y-axis (Figure 6). The matrix 

categorises predictions into four groups:  

• TP: The model predicts 1, and the actual value is 1. 

• TN: The model predicts 0, and the actual value is 0. 

• FP: The model predicts 1, but the actual value is 0. 

• FN: The model predicts 0, but the actual value is 1 

These counts are not directly used for evaluation but are needed for calculating metrics such 

as MCC, ROC-AUC, and precision-recall area under the curve (PR-AUC)[293], [294].  

 

Figure 6. Confusion matrix for binary classification. The target variable consists of two 

classes: positive or negative. Columns represent true classes, while rows indicate predicted 

classes. The true and predicted class assigned to cases are compared. The matrix compares 

true and predicted classifications, presenting TP, TN, FP, and FN to illustrate the model’s 

accuracy and misclassification patterns. 

2.9.6.1 MCC 

MCC, introduced by Brian Matthews in 1975[295], a widely used metric for evaluating binary 

classification performance, especially with imbalanced datasets. Despite it was first 

introduced in biochemistry[295], MCC has gained popularity in several scientific fields, 

including software defection prediction[296], recommender systems[296], pattern 

recognition[297], and medicine[298]–[300]. 

MCC is more robust and reliable on imbalanced datasets than other adopted metrics in 

binary classification tasks, such as F1 score[301], accuracy[301], balanced accuracy[302], 

Cohen’s Kappa[303], and Brier score[303]. It provides a balanced measure by incorporating 

TPs, TNs, FPs, and FNs from the confusion matrix, proportionally both to the size of positive 

and negative samples in the dataset. Thus, it achieves a high score only when most 

predictions, both positive and negative, are correct. However, MCC relies on a predetermined 

threshold, typically set at 0.5. 
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MCC is calculated as follows: 

MCC =
TP x TN − FP x FN

√(TP + FP)(TP + FN)(TN + FP)(TN + FN)
 

Its values range from -1 to +1, where +1 indicates perfect classification, -1 signifies complete 

misclassification (all negatives predicted as positives and vice versa), and 0 corresponds to 

random predictions. The MCC is undefined when the model predicts a single class for all 

samples, resulting in a zero denominator.  

2.9.6.2 ROC-AUC 

Using a heuristic threshold for a confusion matrix, such as 0.5, is a common practice in ML 

but has the flaw of relying on a specific cut-off value to classify samples as either positive or 

negative classes. In contrast, ROC-AUC is a threshold-independent metric that evaluates a 

model's performance across all possible thresholds in binary classification. To generate the 

ROC curve, predicted probabilities are mapped into class labels at varying thresholds. Values 

above or equal to a threshold are classified as positive, while those below are negative. These 

labels form a confusion matrix from which the true positive rate (TPR, or recall) and false 

positive rate (FPR, or 1-specificity) are calculated. The TPR is TP/(TP+FN), and the FPR is 

FP/(FP+TN). Plotting TPR (y-axis) against FPR (x-axis) for all thresholds creates the ROC 

curve, with the ROC-AUC summarising the overall performance the model’s ability to 

distinguish between classes. The ROC-AUC ranges from 0 to 1, where a curve closer to the 

upper-left corner indicates better discrimination ability. A value of 1 signifies perfect 

classification, 0 indicates complete misclassification, and 0.5 represents random guessing (a 

diagonal line). Typically, an ROC-AUC above 0.8 denotes good model performance[293], 

[294], [304] (Figure 7A). 

The ROC-AUC offers several advantages. It is a threshold-independent metric that evaluates 

model performance across all classification thresholds, providing a comprehensive view 

without relying on a single threshold. It also visualises the trade-off between TPR and FPR, 

facilitating the selection of an optimal threshold that maximises the model’s performance. 

However, it has limitations. The ROC-AUC is not suitable for imbalanced datasets, as it can 

give an overly optimistic assessment of the model's performance. If TNs outnumber TPs, a 

model’s ROC-AUC can be high simply by correctly predicting that the majority of negatives to 

be negatives. Thus, the ROC-AUC is more suitable for balanced datasets where both classes 

are equally important or frequent. Using it alone is an insufficient representation of model 

discrimination and should be interpreted with caution[305]. 

2.9.6.3 PR-AUC  

PR-AUC is a threshold-independent metric used to evaluate binary classification models, 

particularly in imbalanced datasets. Unlike ROC-AUC, which plots the TPR against the FPR, 

PR-AUC represents the area under the precision-recall curve. This curve is constructed by 

varying the classification threshold and plotting precision (proportion of true positives 
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among all positive predictions: TP/(TP+FP)) on the y-axis against recall (proportion of true 

positives among all actual positives: TP/(TP+FN)) on the x-axis. PR-AUC reflect the model's 

ability to balance high precision (not predicting negative samples as positives) and high 

recall (correctly predicting positive samples). It ranges from 0 to 1. Unlike ROC-AUC, which 

maximises in the upper left corner, PR-AUC is optimised in the upper right corner of the plot. 

A PR-AUC of 1 represents a perfect classifier, while its baseline value equals the proportion 

of positive samples in the dataset (Figure 7B).  

PR-AUC offers advantages over ROC-AUC, particularly in handling class-imbalanced datasets. 

It measures the model's ability to predict positive classes correctly across all recall levels, 

making it suitable when the positive class is rare or when FPs are more important than FNs. 

In addition, it also helps to select a threshold based on the desirable values of precision and 

recall. However, PR-AUC has limitations, as it does not account for the true negative rate 

(TNR), focusing only on the performance within the positive class. This can make PR-AUC 

less informative for assessing overall accuracy in datasets where negative outcomes are also 

important[306], [307]. 

 

Figure 7. ROC-AUC and PR-AUC. (A) The ROC-AUC demonstrates the trade-off between TPR 

and FPR across thresholds, where a perfect model (AUC of 1) approaches the top left corner, 

and a diagonal line indicates random guessing (AUC of 0.5). (B) The PR-AUC illustrates the 

balance between precision and recall, particularly useful for imbalanced datasets. A perfect 

model (PR-AUC of 1) stays close to the top-right corner, which means both precision and 

recall are high across thresholds, while a random model equals to the proportion of positive 

samples in the dataset. 

 

 

 



47 
 

Chapter 3 

Materials and methods 

3.1 Gene expression profiles and clinical data acquisition 

We retrospectively collected two publicly available datasets for model development and 

validation: the IMVigor210 phase II clinical trial (registered with ClinicalTrials.gov, number 

NCT02108652)[2], and the study by Snyder et al.[54]. 

The IMVigor210 trial served as the discovery dataset for model development[2]. This trial 

was a multicentre, single-arm that investigated the effectiveness and safety of atezolizumab 

in 348 locally advanced or mUC patients who were platinum-ineligible or progressed during 

or following platinum-based chemotherapy. RNA-sequencing data from these patients were 

generated using TruSeq RNA Access technology (Illumina®). This dataset includes raw 

counts for 31,286 genes, identified by their Entrez Gene IDs (e.g., 59), along with clinical 

features. The data can be accessed through the IMvigor210CoreBiologies R package 

athttp://research-pub.gene.com/IMvigor210CoreBiologies/). For the validation dataset, we 

included 29 locally advanced or mUC patients receiving atezolizumab published by Snyder 

et al.[54]. RNA-sequencing and clinical data for these patients were obtained from 

http://doi.org/10.5281/zenodo.546110. Here, gene expressions of tumour samples were 

sequenced using an Illumina HiSeq 4000 and were processed to the gene level using 

tximport, resulting in a total of 39,292 gene expressions with ensemble gene IDs (e.g., 

ENSG00000139618). Table 5 summarises the baseline clinical features that we used in this 

study, including gender, ECOG performance status, PD-L1 protein expression status on TICs, 

TMB per megabase, TNB per megabase, prior receipt of intravesical administration of BCG 

immunotherapy status, prior receipt of platinum-based chemotherapy status, and pre-

platinum sample collection status. Patients in both studies received atezolizumab at 1,200 

mg IV every 3 weeks and were evaluated for their response using CT/MRI scans based on 

RECIST version 1.1[120], which classified patients into four categories: CR, PR, SD, or PD. CR 

or PR were considered responders, while SD or PD were categorized as non-responders. The 

discovery dataset showed a response rate of 23% (68 out of 298 patients), while the 

validation dataset had a rate of 32% (7 out of 22 patients). 

3.2 Data pre-processing for ML 

Our computational framework, illustrated in Figure 8, outlines the process to develop and 

validate the predictive ability of gene expression profiles on mUC patients’ response to 

atezolizumab. To facilitate further ML analysis, it's crucial to harmonise the gene 

nomenclature used between the two datasets. Due to inconsistencies, Ensemble gene IDs in 

the validation dataset were standardised to Entrez gene IDs based on the gene information 

provided within the validation dataset itself. This standardisation facilitated the comparison 

and identification of common genes shared between the two datasets. We addressed missing 

values by excluding samples with missing values of any features, ensuring that the dataset 
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remains consistent and that the models are built based on complete information. 

Consequently, we were left with a dataset comprising 19,941 common gene expressions and 

8 clinical features shared between the two datasets with 298 and 22 gene expression profiled 

atezolizumab-treated mUC patients in the discovery and validation datasets, respectively. 

Gene expression profiles were log2 transformed (log2(count + 1)), wherein a count of 1 was 

added before applying the logarithmic operation to prevent taking the logarithm of zero, 

which is undefined. We assigned unique integer values to categorical variables, including 

atezolizumab response labels, gender, ECOG performance status, PD-L1 protein expression 

status on TICs, intravesical administration of BCG immunotherapy status, received platinum-

based chemotherapy status, and the sample collected pre-platinum status, as illustrated in 

Table 5. This encoding process facilitated the utilisation of these categorical variables within 

the analytical ML framework. 

We employed regression ML algorithms to predict the response of mUC patients to 

atezolizumab. To accomplish this, atezolizumab response labels (CR, PR, SD, and PD) were 

numerically encoded as 1.0, 2.0, 3.0, and 4.0, respectively. This approach allowed the ML 

model to learn from each patient’s response labels instead of grouping similar response 

categories together, as is often done in binary classification and can lead to information loss 

(e.g., grouping CR and PR as responders and SD and PD as non-responders). Furthermore, 

data standardisation was conducted using StandardScaler (also known as Z-score). This 

method centres the data by subtracting the mean and scales it by dividing by the SD, resulting 

in a mean of 0 and an SD of 1, ensuring that all features within the dataset are on a 

comparison scale. 

All analyses were performed using Python version 3.7.3 (available at 

https://www.python.org/) along with packages from scikit-learn version 0.24.2 (accessible 

at https://scikit-learn.org). 
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Figure 8. ML workflow to predict atezolizumab response in mUC patients. (A) The 

workflow involved developing and validating supervised ML models using gene expression 

profiles from mUC patient tumours treated with atezolizumab, along with clinical data (Table 

5). The IMvigor210 phase II clinical trial cohort (298 mUC patients) served as the discovery 

dataset for model development[2], while the Snyder et al. cohort (22 mUC patients) was the 

validation dataset for model validation[54]. Both datasets were pre-processed for ML. Eight 

regression algorithms were employed to develop models with OMC feature selection, 

reducing the features from the initially considered ~20,000 features. Model performance 

was assessed using 10-fold CV with five repetitions, each using a unique random seed. 

Predicted responses were classified as responders or non-responders based on a threshold 

of 2.0. In this way, the model learned all the information about patients’ response labels (CR, 

PR, SD, and PD), capturing the full granularity of the data rather than pre-grouping similar 

categories together before modelling, as is often done in binary classification (e.g., grouping 

CR and PR as responders, and SD and PD as non-responders). The best OMC model, 

determined by the highest MCC, was selected and applied to the validation dataset. MCC, 

ROC-AUC, and PR-AUC were reported. (B) The performance of best-performing model was 

compared against clinical biomarkers (e.g., TMB, TNB, and PD-L1) and state-of-the-art ML 

models such as EaSIeR and JADBio for atezolizumab response prediction. 
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Table 5. The baseline clinical characteristics of mUC patients from the discovery and 
validation cohorts. The following were used as clinical features in ML models: gender, ECOG 
performance status, PD-L1 expression on TIC status, TMB per megabase, TNB per megabase, 
received BCG, received platinum-based chemotherapy, sample collected pre-platinum. 

Characteristics ML input Discovery dataset 
(N = 298) 

Validation dataset 
(N = 22) 

Study cohort  IMVigor210 phase II 
clinical trial [2] 

Snyder et al., 
2017[54] 

Drug response 
      Complete response (CR) 
      Partial response (PR) 
      Stable disease (SD) 
      Progression disease (PD) 
      Response rate 

 
1 
2 
3 
4 

 
25 (8%) 

43 (14%) 
63 (21%) 

167 (56%) 
23% 

 
2 (9%) 

5 (23%) 
5 (23%) 

10 (45%) 
32% 

Gender 
      Male 
      Female 

 
0 
1 

 
233 (78%) 
65 (22%) 

 
20 (91%) 

2 (9%) 
ECOG performance status 
      0 
      1 
      2 

 
0 
1 
2 

 
121 (41%) 
165 (55%) 

12 (4%) 

 
1 (5%) 

21 (95%) 
0 (0%) 

PD-L1 expression on TICs 
      IC0 
      IC1 
      IC2 
      NA 

 
0 
1 
2 

NA 

 
83 (28%) 

112 (38%) 
102 (34%) 

1 (<1%) 

 
3 (14%) 

11 (50%) 
8 (36%) 
0 (0%) 

TMB per megabase 
      Number of patients 
      Range (Median ± SD) 

 
Real 

values 

 
234 

0-62 (8 ± 9.38) 

 
21 

0-11 (1 ± 3.12) 
TNB per megabase 
      Number of patients 
      Range (Median ± SD) 

 
Real 

values 

 
216 

0.04 – 11.69 (0.86 ± 1.60) 

 
21 

0 - 39(3 ± 9.17) 
Received BCG  
      Yes 
      No 

 
1 
0 

 
231 (78%) 
67 (22%) 

 
8 (36%) 

14 (64%) 
Received platinum-based 
chemotherapy 
      Yes 
      No 

 
 

1 
0 

 
 

233 (78%) 
65 (22%) 

 
 

19 (86%) 
3 (14%) 

Sample collected pre-
platinum 
      Yes 
      No 
      NA 

 
 

1 
0 

NA 

 
 

197 (66%) 
95 (32%) 

6 (2%) 

 
 

10 (45%) 
9 (41%) 
3 (14%) 
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3.3 Building OMC regression models 

One major challenge in developing predictive ML models is the high dimensionality of data, 

where the number of features is much larger than the number of patients. Typically, only a 

small number of tumours have documented responses to the drug, while the molecular 

profiles of these tumours may include over 20,000 features. In such scenarios, including all 

available features in the model-building process might negatively affect performance by 

introducing complexity and noise, leading to overfitting the training data and poor 

generalisation of new data. To address this, the OMC feature selection strategy[45] was 

employed to complement the ability of ML algorithms by using only a small subset of 

informative features while discarding irrelevant ones. 

To develop an OMC model, the initial step involves selecting the most informative features 

associated with atezolizumab responses. As patients’ response labels were encoded as 1.0, 

2.0, 3.0, and 4.0 for CR, PR, SD, and PD, respectively and the features were real-values of gene 

expressions, a univariate linear regression test was used to evaluate the significance of each 

feature in relation to atezolizumab response, returning P-values for each feature. Those with 

small P-values indicate high discriminatory power to distinguish atezolizumab response. 

Then, a standard K-fold CV (with a K value of 5, 10, and a number of samples) was used to 

estimate the predictive performance of each algorithm using only the most informative 

features of atezolizumab responses. During the CV, each of the eight algorithms (CART, 

XGBoost, LGBM, KNN, RF, LR, and SVR with linear and RBF kernels) was trained on K-1 folds 

using only the considerate subsets of features (the top 2 to n/2 subset of features, where n is 

the number of samples), and tested on the remaining 1-fold to evaluate model performance. 

This limit to a subset of n/2 features ensures that the ML algorithm will not be challenged by 

high-dimensional data, as each trained model will have a minimum of two data points of 

considered feature). The CV process was repeated K times, with each of the K-folds 

sequentially being used exactly once as the test set. Thus, each patient has exactly one out-

of-sample prediction. 

In our approach, model performance was not calculated individually on the test set for each 

fold and then averaged the results because each of the test sets would be too small and thus 

harm comparison to CV with other K values. As is common with low-sample size, we used 

instead a merged CV. The resulting out-of-sample predictions from all folds were merged and 

the MCC were calculated once based on all samples. Among all n/2 trained models, the best 

OMC model, the one with the highest MCC, was trained on all samples of the discovery dataset 

and subsequently used to predict samples in the validation dataset. 

3.4 Building models based on clinical data only 

Given the limited number of clinical features (only 8), the OMC feature selection was not 
applied. Instead, each of the eight regression algorithms was trained on the discovery dataset 
using the full set of clinical features (Table 5) and subsequently used to predict samples in 
the validation dataset. 
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3.5 Building models based on immunotherapy response biomarkers  

To compare the performance of the best-performing model with that of individual 

immunotherapy biomarkers: TMB per megabase, TNB per megabase, or PD-L1 protein 

expression status on TICs by IHC assay (IC0: <1%, IC1: ≥1% but <5%, and IC2: ≥5%) as 

provided by the original study[2], [54], we trained an LR algorithm on each feature using the 

discovery dataset. These models were then used to predict samples in the validation dataset. 

3.6 Building random class permutation models 

The permutation test assesses whether the model's performance exceeds what would be 

expected by chance, ensuring that the predictive accuracy reflects true data patterns rather 

than randomness.  To build a permutation model, we randomly generated the atezolizumab 

response labels (CR, PR, SD, and PD) while keeping the input features unchanged. This 

creates a scenario where there is no meaningful relationship between features and labels, 

resulting in a model that predicts labels randomly. Using these permuted labels, we repeated 

the CV process and evaluated the model following the same procedure as the original 

version. 

3.7 Model performance evaluation 

We used regression algorithms for classification by applying thresholding techniques to 

model-predicted values, converting them into binary class labels (responder or non-

responder). Responders were defined as patients with CR or PR, while non-responders were 

defined as patients with SD or PD. Since atezolizumab responses were encoded as follows: 

CR as 1, PR as 2, SD as 3, and PD as 4, we classified out-of-sample predictions from K-folds 

CV into binary categories using a threshold of 2.0, where CR and PR were considered 

responders. Predictions above or equal to this threshold were classified as non-responders 
and those below as responders. We then compared actual and predicted classes to compute 

a confusion matrix, including TP, TN, FP, and FN, which was used to calculate evaluation 

metrics such as MCC, ROC-AUC, and PR-AUC. 

The MCC ranges from −1 to 1, where 1 indicates perfect agreement between actual and 

predicted classes, and −1 indicates perfect disagreement. A score of 0 suggests performance 

equivalent to random guessing. An undefined MCC occurs when the model predicts only one 

class for all instances, resulting in a zero denominator in the MCC formula. 

The ROC-AUC, ranging from 0 to 1, measures a model's overall performance to distinguish 

between two classes. The ROC curve is created by plotting the true positive rate against the 

false positive rate at various thresholds, each threshold generating a point on the curve.  An 

ROC-AUC of 1 indicates perfect classification, while an ROC-AUC of 0.5 indicates the model 

performs no better than random chance. 

The PR-AUC, ranging between 0 and 1, summarises how well a model can distinguish 

between two classes, considering both its ability to not mark a negative sample as positive 

(precision) and its ability to find all the positive samples (recall). PR-AUC plots precision 
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against recall, where precision is the proportion of TPs among all positive predictions, and 

recall (or sensitivity) is the proportion of TPs correctly identified by the model. A PR-AUC of 

1 indicates perfect precision and recall at all thresholds. The random baseline of the PR-AUC 

is determined by the proportion of positive samples in the dataset, i.e. positive / (positive + 

negative). 

3.8 Prediction of response to atezolizumab using the EaSIeR 

EaSIeR [48] is an R Bioconductor package developed to assess patients’ response to PD-

1/PD-L1 inhibitors. By using bulk RNA sequencing data from patient tumours as input, 

EaSIeR quantifies patient-specific, real-valued five types of system-based signatures of TME, 

including 11 immune cell types, 14 pathway activities, 118 transcriptional factor activities, 

812 ligand-receptor pairs, and 169 cell-cell pairs. The cancer-specific elastic net regularized 

multi-task linear regression (RMTLR) model, built on TCGA samples, was used to predict 10 

tasks of immune response scores: Cytolytic activity (CYT), Ock immune signature (Ock_IS), 

Roh immune score (Roh_IS), Chemokine signature (Chemokine), Davoli immune signature 

(Davoli_IS), IFNy signature (IFNy), Expanded immune signature (Ayer_expIS), T-cell inflamed 

signature (Tcell_inflamed), Repressed immune resistance (RIR), Tertiary Lymphoid structure 

signature (TLS) based on five system-based signatures of TME and their combination. These 

scores have been experimentally validated in the literature (Table 2) and comprehended key 

gene signatures for immune activation in the TME in relevant contexts. Higher scores indicate 

a higher likelihood of a patient responding to PD-1/PD-L1 inhibitors.  

We did not train the EaSIeR model on the discovery dataset and evaluate it on the validation 

dataset, as done with our method because EaSIeR cannot be retrained on new datasets. 

Instead, the bladder urothelial carcinoma (BLCA)-specific RMTLR model, pre-trained on 

TCGA-BLCA samples available in the EaSIeR package, was used to predict the likelihood of 

response to atezolizumab in 320 mUC patients (75 responders and 245 non-responders) 

from the merged discovery and validation datasets. The model predicted 10 immune 

response scores based on six sets of features, including five system-based signatures of TME 

and their combination, producing a total of 60 EaSIeR model predictions.  

To compare the predictive performance in this task, we developed OMC models using the 

same set of 320 mUC patients from the merged discovery and validation datasets. Eight 

regression algorithms were employed, including CART, RF, XGBoost, LGBM, KNN, LR, and SVR 

with linear and RBF kernels, to predict the patients’ responses to atezolizumab. Each model 

was built using two sets of features per learning algorithm: gene expression profiles alone 

and integrated gene expression profiles with clinical data. The model’s performance was 

evaluated using a nested 10-fold CV (the CV is repeated five times changing random seed 

to assess the robustness and ensure the reliability of the results). 

To calculate predictive performance, we first normalised the resulting 320 out-of-sample 

model’s predictions from both our approach and the EaSIeR to a range of 0 to 1 in order to 

allow for a fair comparison and evaluation across different models, regardless of their scale 

of prediction output. Once normalised, we then assigned class labels (responder or non-
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responder) by applying a threshold value of 0.5 to the normalised predicted values. 

Subsequently, evaluation metrics (MCC, ROC-AUC, and PR-AUC) were computed. 

3.9 Prediction of response to atezolizumab using the JADBio 

JADBio version 1.4.94 (www.jadbio.com)[55], an automated ML platform, was used to 

develop regression models for predicting the response to atezolizumab in 320 mUC patients 

from the merged discovery and validation datasets (75 responders and 245 non-

responders). Two sets of features were considered for model development, either gene 

expression profiles alone or integrated gene expression profiles and clinical data. Each 

dataset was input to JADBio as a 2D matrix, where rows corresponded to patient samples 

and columns corresponded to considered features, with the defined outcome of interest, in 

this case, being the response to atezolizumab (CR, PR, SD, and PD). To identify the best-

performing model, JADBio employs LASSO, SES, and univariate algorithms for feature 

selection and various regression algorithms, including ridge LR, SVR with linear, polynomial, 

and Gaussian kernels, RF, and DT, for modelling, along with a range of hyperparameter values 

(Table 4). This process creates a unique ML pipeline (referred to as a configuration) that 

takes the dataset, carries out a generalised CV (R repeated, K-fold, and N-incomplete CV) for 

performance estimation, and searches in the space of admissible configurations to identify 

the one that yields the highest performance. We opted for the “extensive tuning effort” option 

to extensively search for the best-performing model, despite the increased computational 

costs. 

To compare the predictive performance in this task, we saved the out-of-sample CV 

predictions from JADBio’s best-performing model. The evaluation metrics (MCC, ROC-AUC, 

and PR-AUC) were calculated using normalised predictions (ranging from 0 to 1), following 

the same way as our approach for comparison purposes. Class labels (responder or non-

responder) were assigned based on a threshold of 0.5. 

3.10 Statistical analysis 

The two-tailed unpaired Welch’s t-test was used to compute P-values in our data analysis. A 

P-value less than 0.05 was considered statistically significant. For pathway enrichment 

analysis, WebGestalt uses a hypergeometric test to calculate statistical significance, which 

further employs the Benjamin–Hochberg (BH) multiple-testing correction for the correct P-

value or false discovery rate (FDR). The significantly enriched pathway was identified with 

FDR less than 0.05. 
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Chapter 4 

Results 

4.1 Cohort characteristics of atezolizumab-treated mUC patients 

In this study, we retrospectively collected tumour gene expression profiles and clinical data 

from mUC patients treated with atezolizumab across two independent studies: the 

IMvigor210 phase II clinical trial[2] and Snyder et al.[54]. Both studies included a total of 

320 gene expression-profiled mUC patients who had known responses to atezolizumab. The 

IMvigor210 discovery dataset included 298 patients, while the Snyder validation dataset 

comprised 22 patients. Table 5 summarises the baseline clinical characteristics of these 

patients from both datasets. 

In terms of response to atezolizumab, the discovery dataset exhibited varying degrees of 

response, with 8% achieving a CR (n = 25), 14% a PR (n = 43), 21% SD (n = 63), and 56% PD 

(167), resulting in a response rate of 23%. Similarly, the validation dataset showed a 

response rate of 32%, with 9% achieving CR (n = 2), 23% PR (n = 5), 23% SD (n = 5), and 

45% PD (n = 10). The gender distribution revealed a predominance of males in both datasets, 

comprising 78% (n = 233) in the discovery dataset and 91% (n = 20) in the validation 

dataset. The patient’s ECOG performance status skewed towards better performance in the 

discovery dataset. Specifically, 41% (n = 121) had a status of 0, indicating they were fully 

active and unrestricted in performing their usual daily activities. Another 55% (n = 165) had 

a status of 1, meaning they were limited in physically demanding tasks but still capable of 

light or sedentary work, such as office or housework. Only 4% (n = 12) had a status of 2, 

where they were able to perform self-care but unable to engage in any work-related activities, 

though they were active for more than half of their waking hours. While the validation dataset 

had 5% (n = 1) with a status of 0, 95% (n = 21) 0 with 1, and none with a status of 2. PD-L1 

expression on TICs was assessed in both studies, using the SP142 IHC assay, categorising as 

IC0 (<1%), IC1 (≥1% and <5), and IC2/3 (≥5%) based on the percentage of PD-L1-positive 

TICs. IC1 was the most prevalent in both datasets, accounting for 38% (n = 112) in the 

discovery dataset and 50% (n = 11) in the validation dataset. Both the discovery and 

validation datasets reported TMB and TNB as mut/Mb, normalised to account for differences 

in gene panel size and the target region. However, detection methodologies, calculation 

methods, and other bioinformatics test specifications vary across laboratories, contributing 

to data inconsistencies. In calculating TMB, the discovery dataset considered all somatic 

coding mutations, including synonymous and non-synonymous, per megabase of the tumour 

genome examined by the FoundationOne CDx DNA-based commercial panel. The median 

TMB was 8 mut/Mb, with a range spanning from 0 to 62 mut/Mb across all mUC patients. By 

contrast, while the validation dataset considered only non-synonymous mutations from the 

IDT xGen Whole Exome Panel, the validation dataset had a lower median TMB of 1, ranging 

from 0 to 11 mut/Mb). Despite both studies estimated neoantigens using non-synonymous 

mutations, they utilised a different bioinformatics tool for neoantigen prediction.  The 
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median TNB in the discovery dataset was 0.86 mut/Mb, with a range from 0.04 to 11.69 

mut/Mb, while in the validation dataset, it was 3 mut/Mb, with a range from 0 to 39 mut/Mb. 

Moreover, prior receipt of intravesical administration of BCG immunotherapy and platinum-

based chemotherapy were also considered as features, illustrating variations in treatment 

patterns among patients and factors influencing treatment. Notably, a higher percentage of 

patients in the discovery datasets had previously received BCG, with 78% (n = 231) 

compared to only 36% (n = 8) in the validation dataset. Similarly, a higher percentage of 

patients across both datasets had previously received platinum-based chemotherapy, with 

78% (n = 233) in the discovery dataset and 86% (n = 19) in the validation dataset. 

Furthermore, sample collection before platinum treatment was more common in the 

discovery dataset, with 66% (n = 197) of the samples collected pre-platinum, compared to 

45% in the validation dataset (n = 10). 

4.2 ML model performance in predicting mUC patient response to atezolizumab using 

gene expression profiles 

By using gene expression profiles from 298 atezolizumab-treated mUC patients in the 

IMvigor210 discovery dataset[2], we develop OMC models with eight regression algorithms 

to predict the response of atezolizumab. A standard 10-fold CV procedure was conducted on 

the discovery dataset to select the best OMC model,  which was then tested on 22 mUC 

patients treated with atezolizumab from the Snyder et al. validation dataset[54]. To ensure 

the reliability and robustness of the models, a 10-fold CV was repeated five times with 

different random seeds. The computational framework is summarised in Figure 8, fully 

described in the method section.  

The evaluation metrics (MCC, ROC-AUC, and PR-AUC) on the validation dataset across eight 

ML models using either gene expression profiles (GEP) to predict mUC patient response to 

atezolizumab are shown in Figure 9 and Table 6. It was observed that four models using GEP 

showed promising results in distinguishing responders from non-responders, with a median 

mMCC above 0.2: CART-OMC (mMCC of 0.328), XGBoost-OMC (mMCC of 0.319), SVR(Linear)-

OMC (mMCC of 0.319), and LGBM-OMC (mMCC of 0.297). Notably, CART-OMC exhibited the 

highest MCC of 0.437, with a median MCC of 0.328 ± 0.14, while also achieving the highest 

ROC-AUC and PR-AUC values of 0.881 and 0.955, respectively. Hence, it is the recommended 

model for this challenging problem. Delving deeper into the CART-OMC model, it was 

revealed that it employed a non-linear combination of only 29 genes (0.15% out of the total 

19,441 genes) as predictive features for predicting patient responses to atezolizumab in 

mUC. The list of these 29 predictive genes is shown in Table 7. 

In contrast, RF-OMC, KNN-OMC, LR-OMC, and SVR(RBF)-OMC showed poor predictive 

performance, each yielding an MCC of 0.0. This indicates that these models failed to correctly 

classify any instances in the dataset, performing no better than random chance. LR-OMC even 

exhibited a negative MCC of -0.216, indicating performance worse than randomly guessing.  

Note that the KNN, LR, and SVR algorithms produced the same results every time with the 

same input data and parameters because they are deterministic algorithms that do not 
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involve random processes, such as stochastic optimization, which would require a random 

seed. As a result, there is no inherent randomness affecting their computations. 

Low MCC and high ROC-AUC were observed in RF-OMC and KNN-OMC models. This typically 

occurs in an imbalanced dataset when a model performs well on the dominant (positive) 

class, resulting in a high ROC-AUC but at the cost of a high false positive rate (or a low number 

of TNs). Unlike ROC-AUC, MCC only generates a high score if the classifier performs well on 

both positive and negative classes, incorporating all four elements of the confusion matrix 

(TPs, TNs, FPs, and FNs) in its calculation. The low MCC observed in these models indicates 

poor performance when both classes are of equal importance. This demonstrates the 

limitations of ROC-AUC, which can present an overly optimistic view of an algorithm’s 

performance when applied to imbalanced data. Moreover, a high MCC always corresponds to 

a high ROC AUC, and not vice versa[302]. Therefore, due to the dataset's imbalance, MCC has 

been selected as the primary metric to select the best-performing model in our study. 
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Figure 9 (related to Table 6). Five-repetition evaluation metrics for the validation 

dataset across eight ML models using gene expression profiles. Boxplots show (A) MCC, 

(B) ROC-AUC, and (C) PR-AUC, calculated using prediction on the validation dataset of the 

best OMC model. The best OMC model was selected based on the highest MCC from 10-fold 

CV on the discovery dataset, retrained on the entire discovery dataset, and tested on the 

validation dataset. To assess the robustness, five repetitions of CV were performed with 
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different random seeds. Each regression algorithms with OMC feature selection select only a 

small subset of informative features, thereby reducing the number of features in the high-

dimensional gene expression dataset, facilitating model prediction. Horizontal dashed lines 

represent random-level performance: 0.0 for MCC, 0.5 for ROC-AUC, and 0.682 for PR-AUC. 

Table 6. Five-repetition evaluation metrics for the validation dataset across eight ML 

models using gene expression profiles. The best OMC for each algorithm, identified via 

10-fold CV on the discovery dataset, was tested on the validation dataset (the CV is 

performed five times changing the random seed). Eight regression algorithms with OMC 

feature selection select only a small subset of informative features, facilitating model 

prediction. Random-level performance is as follows: 0.0 for MCC, 0.5 for ROC-AUC, and 0.682 

for PR-AUC. The best-performing model was selected based on the highest median MCC as 

highlighted in bold. 

Gene expression profiles 

Algorithms Highest MCC 
median MCC ± SD 

Highest ROC-AUC 
Median ROC-AUC ± SD 

Highest PR-AUC 
Median PR-AUC ± SD 

CART-OMC 0.437 
0.328 ± 0.14 

0.881 
0.743 ± 0.12 

0.955 
0.883 ± 0.07 

XGB-OMC 0.463 
0.319 ± 0.17 

0.743 
0.705 ± 0.08 

0.888 
0.813 ± 0.08 

LGBM-OMC 0.463 
0.297 ± 0.23 

0.733 
0.724 ± 0.04 

0.879 
0.861 ± 0.03 

RF-OMC 0.0 
0.0 ± 0.0 

0.814 
0.671 ± 0.07 

0.907 
0.843 ± 0.04 

KNN-OMC 0.0 
0.0 ± 0.0 

0.662 
0.662 ± 0.0 

0.805 
0.805 ± 0.0 

LR-OMC -0.216 
-0.216 ± 0.0 

0.457 
0.457 ± 0.0 

0.753 
0.753 ± 0.0 

SVR(RBF) 0.0 
0.0 ± 0.0 

0.524 
0.524 ± 0.0 

0.680 
0.680 ± 0.0 

SVR(Linear) 0.319 
0.319 ± 0.0 

0.705 
0.705 ± 0.0 

0.861 
0.861 ± 0.0 

 

Table 7. The list of 29 predictive genes derived from the best-performing CART-OMC model 

Entrez gene Gene symbol Gene name 

2822 GPLD1 glycosylphosphatidylinositol specific phospholipase D1 

2835 GPR12 G protein-coupled receptor 12 

3458 IFNG interferon gamma 

3627 CXCL10 C-X-C motif chemokine ligand 10 

3682 ITGAE integrin subunit alpha E 

3766 KCNJ10 

potassium inwardly rectifying channel subfamily J 

member 10 
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3805 KIR2DL4 

killer cell immunoglobulin like receptor, two Ig domains 

and long cytoplasmic tail 4 

3822 KLRC2 killer cell lectin like receptor C2 

3823 KLRC3 killer cell lectin like receptor C3 

3902 LAG3 lymphocyte activating 3 

4283 CXCL9 C-X-C motif chemokine ligand 9 

4319 MMP10 matrix metallopeptidase 10 

5540 NPY4R neuropeptide Y receptor Y4 

6273 S100A2 S100 calcium binding protein A2 

8302 KLRC4 killer cell lectin like receptor C4 

9437 NCR1 natural cytotoxicity triggering receptor 1 

10563 CXCL13 C-X-C motif chemokine ligand 13 

10578 GNLY granulysin 

54436 SH3TC1 SH3 domain and tetratricopeptide repeats 1 

56896 DPYSL5 dihydropyrimidinase like 5 

57149 LYRM1 LYR motif containing 1 

59067 IL21 interleukin 21 

81691 REXO5 RNA exonuclease 5 

83546 RTBDN retbindin 

84630 TTBK1 tau tubulin kinase 1 

121643 FOXN4 forkhead box N4 

140767 NRSN1 neurensin 1 

257101 ZNF683 zinc finger protein 683 

340562 SATL1 spermidine/spermine N1-acetyl transferase like 1 

 

4.3 The impact of clinical data integration with gene expression profiles in predicting 

mUC patient response to atezolizumab 

Here, we further looked into the potential improvement of atezolizumab response prediction 

in mUC patients by integrating both gene expression profiles and clinical data. The baseline 

clinical features included gender, ECOG performance status, PD-L1 protein expression status 

on TICs, TMB per megabase, TNB per megabase, prior receipt of intravesical administration 

of BCG immunotherapy status, prior receipt of platinum-based chemotherapy status, and 

pre-platinum sample collection status, as illustrated in Table 5. The evaluation metrics (MCC, 

ROC-AUC, and PR-AUC) on the validation dataset for eight ML models, developed in the 

discovery dataset using gene expression profiles and clinical data (GEP + clinical), are 

presented in Figure 10 and Table 8. 

Among eight ML models evaluated, only two models demonstrated the predictive ability to 

distinguish between responders and non-responders, achieving an mMCC of at least 0.2: LR-

OMC (with an mMCC of 0.316) and RF-OMC (with an mMCC of 0.289). In terms of ROC-AUC 
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and PR-AUC, KNN-OMC exhibited the highest ROC-AUC of 0.821 and PR-AUC of 0.867. Given 

the challenge of class imbalance in the dataset, we prioritized MCC as the primary metric for 

selecting the best-performing model. This choice was deliberate, as MCC is renowned for its 

robustness in handling imbalanced datasets. Therefore, LR-OMC was the best-performing 

model, achieving the highest mMCC of 0.316. This model employed a linear combination of 

67 predictive genes alongside TMB per megabase and TNB per megabase (0.35% among 

19,449 features) for predicting atezolizumab response, referred to as GEP + TMB + TNB (LR-

OMC). The list of these 69 predictive features is shown in Table 9. 

However, the prediction based on the combined clinical-gene expression profiles model (GEP 

+ TMB + TNB (LR-OMC)) with mMCC of 0.316 and the baseline clinical features only (clinical 

(LR-OMC) with mMCC of 0.316, was worse than the model relying solely on gene expression 

profiles (GEP (CART-OMC) with mMCC of 0.328 (Figure 11). These findings suggest that there 

is no benefit in integrating patients’ clinical data with gene expression profiles in predicting 

the atezolizumab response of mUC patients.  
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Figure 10 (related to Table 8). Five-repetition evaluation metrics for the validation 

dataset across eight ML models using integrated gene expression profiles with clinical 

data. Boxplots show (A) MCC, (B) ROC-AUC, and (C) PR-AUC, calculated using prediction on 

the validation dataset of the best OMC model. The best OMC model was selected based on the 

highest MCC from 10-fold CV on the discovery dataset, retrained on the entire discovery 

dataset, and tested on the validation dataset. To assess the robustness, five repetitions of CV 
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were performed with different random seeds. Each regression algorithms with OMC feature 

selection select only a small subset of informative features, facilitating model prediction. 

Horizontal dashed lines represent random-level performance: 0.0 for MCC, 0.5 for ROC-AUC, 

and 0.682 for PR-AUC. 

Table 8. Five-repetition evaluation metrics for the validation dataset across eight ML 

models using integrated gene expression profiles with clinical data. The best OMC for 

each algorithm, identified via 10-fold CV on the discovery dataset, was tested on the 

validation dataset (the CV is performed five times changing the random seed). Eight 

regression algorithms with OMC feature selection select only a small subset of informative 

features, facilitate model prediction. Random-level performance is as follows: 0.0 for MCC, 

0.5 for ROC-AUC, and 0.682 for PR-AUC. The best-performing model was selected based on 

the highest median MCC as highlighted in bold. 

Integrated gene expression profiles with clinical data 

Algorithms Highest MCC 
median MCC ± SD 

Highest ROC-AUC 
Median ROC-AUC ± SD 

Highest PR-AUC 
Median PR-AUC ± SD 

CART-OMC 0.143 
0.069 ± 0.09 

0.582 
0.520 ± 0.04 

0.792 
0.780 ± 0.03 

XGB-OMC 0.289 
0.0 ± 0.24 

0.571 
0.520 ± 0.06 

0.758 
0.705 ± 0.04 

LGBM-OMC 0.289 
0.115 ± 0.19 

0.735 
0.500 ± 0.14 

0.867 
0.747 ± 0.07 

RF-OMC 0.289 
0.289 ± 0.0 

0.633 
0.592 ± 0.03 

0.816 
0.795 ± 0.02 

KNN-OMC 0.0 
0.0 ± 0.0 

0.821 
0.0 ± 0.0 

0.920 
0.0 ± 0.0 

LR-OMC 0.316 
0.316 ± 0.0 

0.510 
0.510 ± 0.0 

0.643 
0.643 ± 0.0 

SVR(RBF) 0.0 
0.0 ± 0.0 

0.490 
0.490 ± 0.0 

0.650 
0.650 ± 0.0 

SVR(Linear) 0.115 
0.0 ± 0.0 

0.663 
0.663 ± 0.0 

0.722 
0.722 ± 0.0 

 

Table 9. The list of 69 predictive features (67 genes, TMB per megabase, and TNB per 

megabase) derived from the best-performing LR-OMC model 

Entrez 

gene 

Gene 

symbol Gene name 

356 FASLG Fas ligand 

1521 CTSW cathepsin W 

2012 EMP1 epithelial membrane protein 1 

2114 ETS2 ETS proto-oncogene 2, transcription factor 

2150 F2RL1 F2R like trypsin receptor 1 
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2196 FAT2 FAT atypical cadherin 2 

2999 GZMH granzyme H 

3458 IFNG interferon gamma 

3627 CXCL10 C-X-C motif chemokine ligand 10 

3682 ITGAE integrin subunit alpha E 

3752 KCND3 potassium voltage-gated channel subfamily D member 3 

3766 KCNJ10 potassium inwardly rectifying channel subfamily J member 10 

3804 KIR2DL3 

killer cell immunoglobulin like receptor, two Ig domains and 

long cytoplasmic tail 3 

3805 KIR2DL4 

killer cell immunoglobulin like receptor, two Ig domains and 

long cytoplasmic tail 4 

3811 KIR3DL1 

killer cell immunoglobulin like receptor, three Ig domains and 

long cytoplasmic tail 1 

3812 KIR3DL2 

killer cell immunoglobulin like receptor, three Ig domains and 

long cytoplasmic tail 2 

3822 KLRC2 killer cell lectin like receptor C2 

3852 KRT5 keratin 5 

3902 LAG3 lymphocyte activating 3 

4283 CXCL9 C-X-C motif chemokine ligand 9 

4319 MMP10 matrix metallopeptidase 10 

4624 MYH6 myosin heavy chain 6 

4818 NKG7 natural killer cell granule protein 7 

5540 NPY4R neuropeptide Y receptor Y4 

6273 S100A2 S100 calcium binding protein A2 

6352 CCL5 C-C motif chemokine ligand 5 

6846 XCL2 X-C motif chemokine ligand 2 

6866 TAC3 tachykinin precursor 3 

6947 TCN1 transcobalamin 1 

8302 KLRC4 killer cell lectin like receptor C4 

8416 ANXA9 annexin A9 

9033 PKD2L1 polycystin 2 like 1, transient receptor potential cation channel 

9047 SH2D2A SH2 domain containing 2A 

9437 NCR1 natural cytotoxicity triggering receptor 1 

9620 CELSR1 cadherin EGF LAG seven-pass G-type receptor 1 

10563 CXCL13 C-X-C motif chemokine ligand 13 

10578 GNLY granulysin 

26499 PLEK2 pleckstrin 2 

30009 TBX21 T-box transcription factor 21 

54967 CT55 cancer/testis antigen 55 

56097 PCDHGC5 protocadherin gamma subfamily C, 5 

56098 PCDHGC4 protocadherin gamma subfamily C, 4 
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56100 PCDHGB6 protocadherin gamma subfamily B, 6 

56105 PCDHGA11 protocadherin gamma subfamily A, 11 

56106 PCDHGA10 protocadherin gamma subfamily A, 10 

56120 PCDHGB8P protocadherin gamma subfamily B, 8 pseudogene 

56121 PCDHB15 protocadherin beta 15 

56122 PCDHB14 protocadherin beta 14 

56124 PCDHB12 protocadherin beta 12 

56127 PCDHB9 protocadherin beta 9 

56895 AGPAT4 1-acylglycerol-3-phosphate O-acyltransferase 4 

59067 IL21 interleukin 21 

78999 LRFN4 

leucine rich repeat and fibronectin type III domain containing 

4 

79156 PLEKHF1 pleckstrin homology and FYVE domain containing 1 

84033 OBSCN obscurin, cytoskeletal calmodulin and titin-interacting RhoGEF 

85301 COL27A1 collagen type XXVII alpha 1 chain 

121643 FOXN4 forkhead box N4 

126520 PLK5 polo like kinase 5 (inactive) 

140767 NRSN1 neurensin 1 

153769 SH3RF2 SH3 domain containing ring finger 2 

162461 TMEM92 transmembrane protein 92 

164118 TTC24 tetratricopeptide repeat domain 24 

256957 HEATR9 HEAT repeat containing 9 

257101 ZNF683 zinc finger protein 683 

401427 OR2A7 olfactory receptor family 2 subfamily A member 7 

497189 TIFAB TIFA inhibitor 

730249 ACOD1 aconitate decarboxylase 1 

TMB per megabase 

TNB per megabase 
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Figure 11. Five-repetition evaluation on the validation dataset of the best-performing 

models versus those using TMB, TNB, or PD-L1 immunotherapy response biomarkers. 

(A) MCCs across five model runs (a different random seed per repetition), (B) ROC-AUC for 

the run with the median MCC, and (C) PR-AUC for the run with the median MCC are shown. 

Each metric is calculated using predictions on the validation dataset of ML model trained on 

the discovery dataset with: gene expression profiles (GEP), integrated GEP and clinical data 

(GEP + clinical), referred to GEP + TMB + TNB, clinical data only (Table 5) (clinical), TMB per 

megabase (TMB), TNB per megabase (TNB), and PD-L1 protein expression on tumour-

infiltrating immune cells (PD-L1). Each dot represents one repetition, visualised with 

boxplots. Random-level performances are indicated by the horizontal dashed lines: 0.0 for 

MCC, 0.5 for ROC-AUC, 0.682 for PR-AUC. A two-sided Welch's t-test was used for statistical 

comparisons between models. P-value significance is denoted as follows: "ns" (not 

significant, 0.05 < p ≤ 1.00), * (0.01 < p ≤ 0.05), ** (0.001 < p ≤ 0.01), *** (0.0001 < p ≤ 0.001), 

and **** (p ≤ 0.0001). 
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4.4 Comparison of the best-performing models to clinical immunotherapy response 

biomarkers 

Recent studies have reported an association between TMB and TNB with the prediction of 

immunotherapy response across various cancer types, including mUC. High levels of TMB 

and TNB have frequently been associated with increased sensitivity to immunotherapeutic 

drugs[164], [308]–[311]. In addition, PD-L1 protein expression on either tumour cells or 

TICs is a target for atezolizumab and has emerged as an early biomarker to be evaluated in 

immunotherapy clinical trials[312], [313]. To compare predictive performance at this task, 

we trained an LR model using normalised values of TMB per megabase, TNB per megabase, 

and PD-L1 protein expression status on TICs. We compared its predictive performance with 

our best-performing models: GEP (CART-OMC) and GEP + TMB + TNB (LR-OMC). The 

evaluation metrics (MCC, ROC-AUC, and PR-AUC) on the validation dataset for each model, 

developed in the discovery dataset, are shown in Figure 11. 

Our findings reveal that the CART-OMC model, which nonlinearly combines 29 predictive 

genes, achieved the highest MCC of 0.437, with a corresponding ROC-AUC of 0.881 and PR-

AUC of 0.955. This model significantly outperformed the LR models based solely on TMB 

(MCC of 0.0, ROC-AUC of 0.622, PR-AUC of 0.767), TNB (MCC of 0.316, ROC-AUC of 0.571, PR-

AUC of 0.731), and PD-L1 protein expression on TICs (MCC of 0.0, ROC-AUC of 0.794, PR-AUC 

of 0.923), although the performance difference between GEP (CART-OMC) and TNB (LR-

OMC) was not significant. The results suggest that the prediction-based 29 predictive genes 

are more robust than the use of a single immunotherapy biomarker in predicting 

atezolizumab response in mUC patients. 

4.5 Assessing the robustness of the best-performing model in predicting mUC patient 

response to atezolizumab 

After identifying GEP (CART-OMC) as the best-performing model for predicting atezolizumab 

response in mUC patients, we examined the impact of training data sizes on its predictive 

performance. Using the discovery dataset, we carried out five-fold CV (5CV), and leave one 

out CV (LOOCV) experiments, in addition to the 10CV runs from the previous section, with 

training data proportions ranging from 80% in 5CV to nearly complete at 99% in LOOCV.  In 

each scenario, CART-OMC models were trained on gene expression profiles, retrained on the 

full discovery dataset, and evaluated on the validation dataset. Each CV experiment was 

repeated five times with different random seeds. Figure 12 presents the MCC across five 

repetitions, showing a trend of performance improvement as the training dataset size 

increased. 

To evaluate whether the model’s performance was better than what would be predicted by 

random chance, we conducted a permutation test comparing the best-performing CART-OMC 

model to a baseline. This involved replicating all CV runs exactly in the same manner using 

dataset with permuted class labels, where the labels (CR, PR, SD, and PD) were randomly 

generated while retaining the original input features. By disrupting the features-label 

relationship, this approach established a baseline of performance expected by chance. 
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Results showed that models trained on permutated datasets consistently performed at near-

random levels and were worse than CART-OMC models trained on original data in all cases 

(Figure 12). However, in case of LOOCV, despite using the maximum amount of data for 

training, no significant difference was observed between the original and permuted versions.  

 

Figure 12. CV performance of the best-performing CART-OMC model compared to its 

permutation model. Boxplots illustrate the distribution of MCCs across five repetitions of 

CART-OMC model evaluations on the validation dataset. CART-OMC models were trained on 

the discovery dataset with either original class labels (green) or permuted class labels 

(orange), where the labels (CR, PR, SD, and PD) were randomly generated while keeping the 

original input features unchanged. Each model was evaluated through 5CV, 10CV, and LOOCV, 

with training data proportions ranging from 80% (5CV) to 99% (LOOCV), and was 

subsequently tested on the validation dataset. Predictive performance (original vs. 

permuted) was compared within each CV method. Statistical significance was assessed using 

two-sided Welch's t-tests, with “ns” indicating no significance (0.05 < p ≤ 1.00) and “*” 

indicating significance (0.01 < p ≤ 0.05). Random-level performances are indicated by the 

horizontal dashed lines at MCC of 0.0. The CART-OMC shows a trend of improved predictive 

performance with increasing training data size and consistently outperforms permutation 

models across all CV methods. 

4.6 Analysis of cluster heat map using the 29 predictive genes  

Here, we analysed a cohort of 374 mUC patients whose gene expression profiles were 

available across both discovery (N = 348) and validation (N = 26) datasets, including those 

with both known and unknown responses to the atezolizumab.  We aimed to determine 

whether the subset of 298 gene expression-profiled mUC patients with the known response 
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of the discovery dataset, used during the development phase of a predictive model, could 

represent all the remaining patients, which could serve as the potential test set. Figure 13 

illustrates the clustering of 374 mUC patients based on their expression of 29 predictive 

genes identified by the best-performing CART-OMC model. We employed agglomerative 

hierarchical clustering with Ward's linkages and visualized the results in a dendrogram 

heatmap using Seaborn (version 0.11.2). Samples were colour-coded to denote treatment 

responses (green for responders, orange for non-responders, and black for missing records) 

and dataset type (grey for discovery and yellow for validation).  The normalised expression 

levels of 29 predictive genes were visualised in a gradient from green (downregulation) to 

blue (upregulation). The result shows that patients in the validation dataset and those with 

unknown atezolizumab response records were evenly distributed across the clusters. This 

even distribution indicates that the CART-OMC model’s predictions were not limited to a 

specific patient subgroup. Instead, the model’s applicability domain was broad and 

potentially provided accurate predictions across the entire patient cohorts. 
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Figure 13. Unsupervised clustering heatmap of 29 predictive genes in atezolizumab-

treated mUC patients. The heatmap visualised unsupervised clustering of normalised log2-

transformed gene expression data for 29 predictive genes from the GEP (CART-OMC) model 

across 374 mUC patients in the discovery (N = 348) and validation (N = 26) datasets. Rows 

represent patients, while columns represent genes, with hierarchically clustered to group 

similar profiles. On the left, colour bars indicate patient response to atezolizumab: 

responders (green), non-responders (orange), and missing response records (black). Dataset 

origins are marked by grey (discovery) and yellow (validation). 
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4.7 Feature importance of the 29 predictive genes 

We next investigated the importance of 29 predictive genes identified by the best-performing 

CART-OMC model, to estimate the contribution of each gene to model predictive accuracy. In 

the case of CART-OMC, the feature importance was computed as the reduction of the Gini 

impurity of each feature in DT algorithms[314]. A higher Gini impurity indicates that a gene 

is considered to be more important and contributes significantly to partitioning the data into 

more homogenous groups, which correlates with improved predictive accuracy of the model.  

The feature importance plot, based on the Gini impurity and inherently built into the CART 

algorithm in sci-kit learn, was visualised using the bar chart depicted in Figure 14. 

Our findings revealed that, at the top of the chart, the CXCL9 gene was the most important 

feature in predicting the response to atezolizumab, with an importance score close to 0.12. 

In addition, GPR12 was the second most important gene, showing a level of importance 

similar to FOXN14. The importance of these genes tapered off further down the chart; 

however, some other genes had near-zero importance. These genes contributed less to the 

CART-OMC model prediction compared to top features, but they might still carry valuable 

information when combined with other features. 

However, it is important to note that the feature importance plot solely reflects the 

contribution of each gene but does not indicate whether a gene has a positive or negative 

impact on the model predictions. To investigate this question, we employed Shapley Additive 

Explanations (SHAP) values to relate gene expression levels with their impact on the model's 

predictions. In brief, this method involved assigning an importance score to each gene, 

represented as the mean absolute SHAP value calculated across all patients. SHAP values 

were graphically depicted through colourful horizontal lines composed of dots, where 

the colour of each dot represented the normalised gene expression levels for that patient, 

ranging from low (blue) to high (red). In Figure 15, genes were ranked by their mean absolute 

SHAP values across all patients, listed alongside each gene’s name. A gene with a positive 

SHAP value indicates a higher likelihood of the patient being predicted as a non-responder 

to atezolizumab. In contrast, a negative SHAP value suggests a greater probability of being 

predicted as a responder. 

Similar to the feature importance plot, the results showed that the CXCL9 gene remained the 

most important feature in the model’s prediction, having the highest mean absolute SHAP 

values of 0.245. Higher CXCL9 expression was associated with predicted responders. This 

trend was also observed in some other genes, where higher expression levels generally 

corresponded with predicted responders. 
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Figure 14. Feature importance plot of 29 predictive genes from the best-performing 

CART-OMC model for predicting atezolizumab responses in mUC patients. Features are 

ranked by importance scores, calculated as the reduction of Gini impurity by each feature of 

the decision tree. Lower important scores indicate less contributions to the model's 

predictive performance. CXCL9 is the most important feature used by the CART-OMC model. 
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Figure 15. Model interpretation using SHAP. The SHAP summary plot illustrates the 

importance of 29 predictive genes from the best-performing CART-OMC model in predicting 

atezolizumab response for 320 mUC patients (75 responders, 245 non-responders) from the 

merged discovery and validation datasets. Genes are ranked by their mean absolute SHAP 

values across all patients (displayed next to each gene), with larger values indicating higher 

important. Each horizontal lines of dots, where the colour of a dot represents the normalised 

gene expressions (Z-score) for that patient, ranging from low (blue) to high (red). The x-axis 

shows SHAP values for individual patients. The further a value is away from the vertical 

centre line at x = 0, the larger its impact on the model’s prediction. Negative SHAP values to 

the left increase the chance of being a responder, while positive SHAP values to the right 

increase the chance of being a non-responder. CXCL9 is the most important feature in the 

model’s prediction, with higher expressions associated with predicted responders. 
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4.8 Differential expression of the 29 predictive genes 

The box plot shown in Figure 16 illustrates the differential expression of 29 predictive genes, 

identified by the best-performing CART-OMC model, between responders and non-

responders across two different datasets: a discovery dataset and a validation dataset. In the 

discovery dataset (68 responders and 230 non-responders), the comparative analysis of 

normalised log2-transformed gene expression levels showed that 27 out of 29 genes exhibit 

statistically significant differences (P < 0.05) in expression between responders and non-

responders, with higher expression observed in responders. Except for MMP10 and SH3TC1 

showed significantly higher expression in non-responders (Figure 16A). A similar trend 

toward high expression in responders was observed in the validation dataset (7 responders 

and 15 non-responders), although with fewer statistically significant differences (Figure 

16B). 

This pattern suggests a robust immune response in responders, characterised by the 

upregulation of genes involved in the response to atezolizumab and its mechanism such as 

cellular defence response, immune cell-mediated immunity and cytotoxicity, cell killing, and 

regulation of immune system process and immune response, chemokine and cytokine 

receptor binding pathways, as detailed in the subsequent section on Wikipathway cancer and 

GO pathway enrichment analysis. 
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Figure 16. Boxplot showing the expression pattern of 29 predictive genes from the 

best-performing CART-OMC model between responders and non-responders. The y-

axis represents the normalised log2-transformed gene expression of 29 genes obtained from 

the GEP (CART-OMC) model between responders and non-responders in the discovery (A) 

and validation (B) datasets. Each boxplot shows the median (line) and mean (green triangle) 

expression for a gene, alongside P-values from a two-sided Welch’s t-test evaluating mean 

differences between the two groups. Statistical significance P-value is annotated by stars, 

where non-significant “ns” means 0.05 < p ≤ 1.00, “*” means 0.01 < p ≤ 0.05, “**” means 

0.001< p ≤ 0.01, “***” means 0.0001 < p ≤ 0.001, and “****” means p ≤ 0.0001. A P-value less 

than 0.05 is considered as a significant difference in expression levels between the two 

groups. 

4.9 PPI network analysis of the 29 predictive genes 

We subsequently analysed both the direct (physical) and indirect (functional) associations 

among 29 predictive genes and the CD274 gene (encoding PD-L1, the target of 

atezolizumab), hence could influence atezolizumab response in mUC patients. We performed 

PPI analysis using the Search Tool for Retrieval of Interacting Genes/Proteins (STRING) 
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database version 11.5 (https://string-db.org)[315], which aggregates known and predicted 

protein interactions derived from various sources including genomic context, high-

throughput experiments, co-expression and the literature. 

The resulting PPI network, illustrated in Figure 17, comprises 30 nodes (protein-coding 

genes) and 54 edges (interactions), with significant PPI enrichment (p-value < 0.0001). This 

indicates that the input proteins have more interactions among themselves than what would 

be expected for a randomly drawn set of proteins of the same size and degree distribution 

from the genome. The network revealed the known and predicted interactions were 

observed among 15 genes, while the remaining genes appeared as disconnected nodes. 

Interestingly, eight genes (CXCL13, CXCL10, CXCL9, IFNG, NCR1, GNLY, LAG3, and ITGAE) 

were directly connected to CD274, suggesting that these gene’s activities may be influenced 

by CD274 signalling upon the binding of atezolizumab and its target, PD-L1. In addition, IFNG 

interacted with several other genes, including CD274, supporting its potential key role in 

inflammatory immune responses [316]. Overall, these findings highlight molecular 

interactions that might contribute to atezolizumab response, suggesting potential targets to 

improve treatment effectiveness in mUC patients. 
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Figure 17. PPI network analysis. The 29 predictive genes identified from the best-

performing model (CART-OMC), along with CD274 (encoding PD-L1, atezolizumab target), 

were analysed using the STRING database (https://string-db.org/). The analysis was limited 

to Homo sapiens with a minimum confidence interaction score > 0.4. This yielded a PPI 

network comprising 30 nodes and 54 edges, where nodes represent protein-coding genes 

and edges indicate known or predicted interactions, as shown in the legend. A PPI 

enrichment p-value of 0.0001 was obtained, suggesting the protein input has more 

interactions among themselves than what would be expected for a set of proteins of the same 

size and degree distribution drawn at random from the genome. 
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4.10 Wikipathway cancer and GO pathway enrichment analysis of the 29 predictive 

genes 

We next identified biological pathways significantly enriched with a subset of 29 predictive 

genes using the cancer-related repository of WikiPathways (WikiPathway cancer) and GO 

database in the WEB-based Gene SeT AnaLysis Toolkit (WebGestalt) 2024 

(www.webgestalt.org)[317]. By using the WikiPathway cancer database, one cancer-

associated pathway was significantly enrichment (Figure 18 and Table 10). Specifically, three 

genes (IFNG, CXCL9, and CXCL10) were found to significantly enrich (FDR ≤ 0.05) in the type 

II interferon signalling (IFNG) pathway, which is associated with the mechanism of action of 

atezolizumab. These three genes encode for IFNG cytokine, CXCL9 and CXCL10 chemokines 

produced by T-cells, natural killer (NK) cells, and macrophages to attach and activate immune 

cells  for eliminating cancer cells when PD1/PD-L1 interaction is blocked by 

atezolizumab[217], [318]. Therefore, increased intratumoral production of IFNG, CXCL3, and 

CXCL10 directly suppresses tumour cell proliferation and increases antigen presentation, 

leading to better recognition and elimination of cancer cells[157]. In addition, IFNG is 

considered as a crucial biomarker for predicting responses to immunotherapy. Ayers et 

al.[319] conducted an analysis of gene expression profiles from tumour tissue samples across 

various cancers, including gastric cancer, metastatic melanoma, and head and neck 

squamous cell carcinoma, and found that patients who responded favourably to anti-PD1 

therapy exhibited higher expression scores for IFNG-related genes compared to non-

responders. The authors suggested that the identified IFNG signature (IDO1, CXCL10, CXCL9, 

HLA-DRA, STAT1, and IFNG) could serve as a predictive biomarker for the clinical response 

to ICIs.  

GO pathways across three terms, including biological processes, cellular components, and 

molecular functions, significantly enriched (FDR ≤ 0.05) with a subset of 29 genes were 

presented in Figure 18 and detailed in Table 10. The enriched biological process GO terms 

were involved in the immune system's response to cancer, such as cellular defence response, 

immune cell-mediated immunity and cytotoxicity, cell killing, and regulation of the immune 

system process and immune response. These pathways play a crucial role in initiating and 

sustaining anti-tumour activities within the TME, involving the production of cytokines, 

inflammation, and recruiting T-cells and other immune cells to the TME[320]. Similar to the 

enriched pathways in molecular function terms, chemokine and cytokine receptor binding 

pathways lie in their ability to recruit and activate immune cells to target and attack cancer 

cells, promote the production of inflammatory cytokines, and induce an anti-tumour immune 

response. The binding of CXCL9, CXCL10, and CXCL11 to their receptor CXCR3 induces the 

migration of T-cells and NK cells into the TME, where they can recognise and eliminate cancer 

cells[217]. Furthermore, the cellular component term showed the external side of the plasma 

membrane was enriched with five genes (CXCL10, CXCL9, ITGAE, LAG3, and RTBDN), 

indicating the interaction site between PD-L1, which is expressed on the surface of the 

tumour cells or TICs, and atezolizumab[321].  
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Altogether, these findings highlight that our best-performing model (CART-OMC) could 

identify 29 predictive genes that were cancer-related and showed potentially associated with 

the response to atezolizumab and its mechanism. Changes in their expression levels may 

contribute to atezolizumab resistance and cancer progression.  

  

Figure 18 (related to Table 10). Wikipathway cancer and GO pathway enrichment 

analysis of 29 predictive genes for predicting atezolizumab response in mUC patients. 

Pathway enrichment analysis of 29 genes associated with predicting atezolizumab response 

in mUC patients was performed using the cancer-related repository of WikiPathways 

(WikiPathway cancer) and the GO database in WebGestalt. The bar chart summarises 32 

biological pathways that are significantly (FDR ≤ 0.5) enriched with different subsets of 29 

genes in the Wikipathway cancer (blue) and the GO terms, including biological process 

(orange), molecular function (green), cellular component (red), and presented on the y-axis. 



80 
 

The x-axis represents the enrichment ratio, calculated as the number of genes overlaps with 

the reference gene set in a given pathway. Our best-performing model (CART-OMC) could 

identify 29 genes that are primarily cancer-related and known to play a role in the 

atezolizumab response and its mechanism, including cellular defence response, immune cell-

mediated immunity and cytotoxicity, cell killing, and regulation of immune system process 

and immune response, chemokine and cytokine receptor binding pathways. 
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Table 10. The Wikipathway cancer and GO pathway enrichment analysis of 29 predictive genes from the best-performing models 

(CART-OMC) in predicting atezolizumab response in mUC patients (a hypergeometric test corrected with Benjamin-Hochberg) 

Reference 
database Enriched pathway 

#gene in  
the pathway 

#gene 
overlap 

Gene represented in 
the pathway 

Enrichment 
ratio 

P-
Value FDR 

Wikipathway 
cancer 

Type II interferon 
signaling (IFNG) 37 3 CXCL10, CXCL9, IFNG 24.865 0.000 0.011 

GO: biological 
process 

cellular defense 
response 55 6 

CXCL9, GNLY, KIR2DL4, 
KLRC2, KLRC3, NCR1 75.745 0.000 0.000 

 

positive regulation of 
natural killer cell 
mediated immunity 32 3 IL21, KIR2DL4, LAG3 65.094 0.000 0.008 

  

regulation of natural 
killer cell mediated 
cytotoxicity 43 4 

IL21, KIR2DL4, LAG3, 
NCR1 64.589 0.000 0.001 

 

regulation of natural 
killer cell mediated 
immunity 45 4 

IL21, KIR2DL4, LAG3, 
NCR1 61.719 0.000 0.001 

 

natural killer cell 
mediated immunity 64 5 

IL21, KIR2DL4, KLRC2, 
LAG3, NCR1 54.245 0.000 0.000 

 

natural killer cell 
mediated cytotoxicity 60 4 

IL21, KIR2DL4, LAG3, 
NCR1 46.289 0.000 0.002 

 

antimicrobial 
humoral immune 
response mediated by 
antimicrobial peptide 67 4 

CXCL10, CXCL13, 
CXCL9, GNLY 41.453 0.000 0.002 

 

regulation of cell 
killing 88 5 

IFNG, IL21, KIR2DL4, 
LAG3, NCR1 39.451 0.000 0.000 

 

regulation of 
leukocyte mediated 
cytotoxicity 72 4 

IL21, KIR2DL4, LAG3, 
NCR1 38.574 0.000 0.003 

 

positive regulation of 
cell killing 59 3 IFNG, IL21, LAG3 35.305 0.000 0.032 
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leukocyte mediated 
cytotoxicity 102 4 

IL21, KIR2DL4, LAG3, 
NCR1 27.229 0.000 0.008 

 cell killing 157 6 
GNLY, IFNG, IL21, 
KIR2DL4, LAG3, NCR1 26.535 0.000 0.000 

 

antimicrobial 
humoral response 110 4 

CXCL10, CXCL13, 
CXCL9, GNLY 25.248 0.000 0.009 

 

regulation of 
lymphocyte mediated 
immunity 142 4 

IL21, KIR2DL4, LAG3, 
NCR1 19.559 0.000 0.019 

 

lymphocyte mediated 
immunity 238 5 

IL21, KIR2DL4, KLRC2, 
LAG3, NCR1 14.587 0.000 0.010 

 

humoral immune 
response 242 5 

CXCL10, CXCL13, 
CXCL9, GNLY, IFNG 14.346 0.000 0.010 

 

regulation of immune 
effector process 381 6 

IFNG, IL21, KIR2DL4, 
LAG3, NCR1, ZNF683 10.934 0.000 0.008 

 

regulation of immune 
response 909 8 

CXCL13, GPLD1, IFNG, 
IL21, KIR2DL4, LAG3, 
NCR1, ZNF683 6.111 0.000 0.012 

 defense response 1518 13 

CXCL10, CXCL13, 
CXCL9, GNLY, IFNG, 
IL21, KIR2DL4, KLRC2, 
KLRC3, LAG3, NCR1, 
TTBK1, ZNF683 5.946 0.000 0.000 

 

innate immune 
response 827 7 

IFNG, IL21, KIR2DL4, 
KLRC2, LAG3, NCR1, 
ZNF683 5.877 0.000 0.045 

 

positive regulation of 
immune system 
process 979 8 

CXCL10, CXCL13, 
GPLD1, IFNG, IL21, 
KIR2DL4, LAG3, TTBK1 5.674 0.000 0.019 

 

immune effector 
process 1141 9 

CXCL10, CXCL9, IFNG, 
IL21, KIR2DL4, KLRC2, 
LAG3, NCR1, ZNF683 5.477 0.000 0.009 
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regulation of immune 
system process 1400 10 

CXCL10, CXCL13, 
GPLD1, IFNG, IL21, 
KIR2DL4, LAG3, NCR1, 
TTBK1, ZNF683 4.960 0.000 0.008 

 immune response 1919 12 

CXCL10, CXCL13, 
CXCL9, GNLY, GPLD1, 
IFNG, IL21, KIR2DL4, 
KLRC2, LAG3, NCR1, 
ZNF683 4.342 0.000 0.003 

GO: 
molecular 
function 

CXCR3 chemokine 
receptor binding 5 3 CXCL10, CXCL13, CXCL9 476.230 0.000 0.000 

 

CXCR chemokine 
receptor binding 11 3 CXCL10, CXCL13, CXCL9 216.470 0.000 0.001 

 chemokine activity 47 3 CXCL10, CXCL13, CXCL9 50.663 0.000 0.025 

 

chemokine receptor 
binding 61 3 CXCL10, CXCL13, CXCL9 39.035 0.000 0.046 

 cytokine activity 217 5 
CXCL10, CXCL13, 
CXCL9, IFNG, IL21 18.288 0.000 0.010 

 

cytokine receptor 
binding 274 5 

CXCL10, CXCL13, 
CXCL9, IFNG, IL21 14.484 0.000 0.022 

GO: cellular 
component 

external side of 
plasma membrane 289 5 

CXCL10, CXCL9, ITGAE, 
LAG3, RTBDN 16.910 0.000 0.016 
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4.11 Comparison of the best-performing models to EaSIeR models 

We have so far evaluated models on the validation set, which is robust in that this is an 

independent patient cohort. However, it is a small set and thus there is the risk that the 

models with the best validation results may not generalise well to other cohorts. To challenge 

the model with higher test set diversity, we merged the discovery and validation datasets, 

resulting in 320 mUC patients treated with atezolizumab (75 responders, 245 non-

responders), to obtain out-of-sample predictions for a much more representative set of 

patients. By using gene expression profiles alone or integrated with clinical data, we built 

OMC models to predict atezolizumab response from merged discovery and validation 

datasets. We evaluated eight ML algorithms through five nested 10-fold CV runs (the CV is 

performed 5 times changing the random seed), with the best-performing model determined 

by the highest MCC. We then compared the performance of our models with state-of-the-art 

ML drug response prediction models (e.g., EaSIeR and JADBio). 

The five-repetition MCCs on the merged discovery and validation datasets for eight ML 

models using gene expression profiles (GEP) and clinical data (GEP + clinical) are shown in 

Figure 19. Using GEP, the LGBM-OMC model achieved the highest MCC of 0.252, which 

nonlinearly combined 49 genes, referred to as GEP(LGBM). Notably, 19 of these genes 

overlapped with the 29 genes from the best-performing CART-OMC model in validation 

dataset (Table 11). The CART-OMC model, which is the best-performing model in the 

validation dataset, also ranked among the top models in the merge datasets. While CART-

OMC on integrated expressions of 65 genes, TMB and TNB features, called GEP + TMB + TNB 

(CART-OMC), slightly performed better than those using gene expression profiles alone with 

the highest MCC of 0.253. (Figure 19). 24 of these features overlapped with the 69 features 

from the best-performing LR-OMC model in the validation dataset (Table 11). 

To predict atezolizumab response in the same set of 320 mUC patients using EaSIeR, RNA-

sequencing data served as input to quantify five sets of patient-specific, real-valued system-

based signatures of TME, including (i) the composition of 11 immune cell types, (ii) the 

activity of 14 pathways, (iii) the activity of 118 transcriptional factors, (iv) interactions of 

812 ligand-receptor pairs, and (v) 169 cell-cell pairs (Table 2). These signatures provide a 

comprehensive characterisation of the tumours and help to elucidate the complex cellular 

composition of TMEs, and their inter- and intracellular mechanisms are involved in 

mediating immune response and affecting the efficacy of immunotherapy. Since mUC often 

originates from bladder cancer, we employed BLCA-specific RMTLR model from the EaSIeR, 

which was pre-trained on TCGA-BLCA samples, to predict 10 tasks of immune response 

scores (CYT, Ock_IS, Roh_IS, Chemokine, Davoli_IS, IFNy, Ayer_expIS, Tcell_inflamed, RIR, TLS; 

Table 3) in 320 mUC patients from the merged discovery and validation datasets. These 10 

score predictions were made based on six sets of features, including five system-based 

signatures of TME and their combination, producing a total of 60 EaSIeR model predictions 

(six sets of features x 10 immune response scores).  
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The evaluation metrics (MCC, ROC-AUC, and PR-AUC) demonstrate the performance of our 

best-performing models in predicting atezolizumab response for 320 mUC patients, 

compared to 60 EaSIeR model predictions (Figure 20). Overall, the performance of EaSIeR 

models varied across different models, with MCCs at near-random predictive levels 

(practically MCC ~ 0). Our study introduced two best-performing models, GEP (LGBM-OMC) 

and GEP + TMB + TNB (CART-OMC), that outperformed all 60 EaSIeR model predictions. 

These results indicate that they are more predictive than TME-based biomarkers from 

EaSIeR models in predicting mUC patients' response to atezolizumab. 

 

Figure 19. Five-repetition MCCs of the merged discovery and validation datasets across 

eight ML models using either gene expression profiles or integrated gene expression 

profiles plus clinical data. MCC is calculated using a merged prediction of a nested 10-fold 

CV run on the merged discovery and validation datasets (245 non-responders and 75 

responders). The CV is repeated five times with different random seeds to assess robustness, 

and the results are presented in a boxplot. Eight regression algorithms with OMC feature 

selection select only a small subset of informative features, facilitating model prediction. Two 

sets of features were employed per learning algorithm: gene expression profiles (GEP) and 

integrated gene expression profiles with clinical data (GEP + clinical). An MCC of 0.0 indicates 

random-level performance, as shown by the horizontal dashed line. 
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Table 11. The list of common features between the best-performing models using gene 

expression profile (GEP) and integrated gene expression profiles and clinical data (GEP + 

clinical) from validation and merged analyses 

GEP GEP + clinical 

CXCL10 AUNIP 

CXCL13 CBX2 

CXCL9 CPLX4 

FOXN4 CXCL13 

GNLY CXCL9 

IFNG CXCR3 

IL21 ESPL1 

ITGAE GABRA3 

KCNJ10 GIPC2 

KIR2DL4 GNLY 

KLRC2 GZMM 

KLRC4 IFNG 

LAG3 IL21 

MMP10 ITGAE 

NCR1 KCNJ10 

NPY4R KIR2DL4 

NRSN1 NCR1 

S100A2 NKG7 

ZNF683 NRSN1 

 OIP5 

 PKD2L1 

 TBX21 

 TMB per megabase 

 TNB per mega base 

 

  

29 4919 

GEP (CART-OMC)  

Validation analyses 
GEP (LGBM-OMC) 

Merged analyses 

69 6524 

GEP+TMB+TNB (LR-OMC)  

Validation analyses 

GEP+TMB+TNB (CART-OMC) 

Merged analyses 
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Figure 20. Performance comparison of the best-performing models with those from 

the 60 EaSIeR model prediction on 320 mUC patients from the merged discovery and 

validation datasets (245 non-responders and 75 responders). The two leftmost columns 

are the best-performing models developed in this study using either gene expression 

profiles, GEP (LGBM-OMC), or integrated gene expression profiles with clinical data, GEP + 

TMB + TNB (CART-OMC). Both models were evaluated using nested 10-fold CV repeated five 

times changing random seeds. The one with the highest MCC are shown. Whereas the other 

60 columns on the right illustrate the results of running the EaSIeR models on the same 

dataset. BLCA-specific RMTL models pretrained on TCGA-BLCA samples available in EaSIeR 

to predict 10 tasks of immune response scores (CYT, Ock_IS, Roh_IS, Chemokine, Davoli_IS, 

IFNy, Ayer_expIS, Tcell_inflamed, RIR, TLS) based on five system-based signatures of TME and 

their combinations (ensemble), including cell-cell pairs (ccpairs), immune cell types 

(immunecells), ligand-receptor pairs (lrpairs), pathway activities (pathways), and 

transcriptional factor activities (tfs), producing a total of 60 EaSIeR model predictions 

(named by adding the suffix of immune response scores to the names of system-based 

signatures of TME e.g., ccpairs_CYT). Random-level performance is delimited by horizontal 

dashed lines: 0.0 for MCC, 0.5 for ROC-AUC, 0.765 for PR-AUC when using GEP and 60 EaSIeR 

models, 0.733 for PR-AUC when using GEP + TMB + TNB). Overall, the best-performing 

models (pink) consistently outperformed all of the 60 EaSIeR models (purple). 

4.12 Enhancing prediction on the merged dataset by integrating TME descriptors, 

immune response scores, and the EaSIeR score into the best-performing models 

After identifying the best-performing models from the merged discovery and validation 

datasets: LGBM-OMC combining 49 genes (GEP (LGBM-OMC)) and CART-OMC combining 63 

genes with TMB and TNB (GEP + TMB + TNB (CART-OMC)), we aimed to enhance predictive 

accuracy by integrating 1,134 additional features computed for each patients using EaSIeR. 

These include five system-based signatures of the TMEs, referred to as TME descriptors, 

(1,124 features of 11 immune cell types, 14 pathway activities, 118 transcriptional factor 

activities, 812 ligand-receptor pairs, and 169 cell-cell pairs; Table 2), nine published immune 

response scores (CYT, Roh_IS, Chemokine, Davoli_IS, IFNy, Ayer_expIS, Tcell_inflamed, RIR, 

TLS; Table 3, excluding Ock_IS which is unavailable for estimation in the EaSIeR), and the 

EaSIeR score. The EaSIeR score is the average of 10 immune response predictions based on 

ensemble TME descriptors. These features represent predictors of patients’ immune 

response.  

The results, illustrated in Figure 21A, show that adding individual sets of features (5 TME 

descriptors, 9 immune response scores, and the EaSIeR score), or their combinations, to 

the 49-gene LGBM model improved predictive performance compared to those built solely 

on 49 genes (mMCC of 0.218). The best performance came from combining 49 genes with 9 

immune response scores (mMCC of 0.358), while using only a combination of five TME 

descriptors, 9 immune response scores, and the EaSIeR score resulted in the lowest 

performance (mMCC of 0.136). 
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Similarly, Figure 21B revealed that CART-OMC combining 63 genes, TMB, and TNB, when 

combined with either the EaSIeR score (mMCC of 0.342), or nine immune response scores 

(mMCC of 0.394), improved predictive performance compared to those built solely on 63 

genes, TMB, and TNB (mMCC of 0.236). CART was not able to cope with the higher number 

of features involved, and performance declined with the addition of five TME descriptors 

(mMCC of 0.145), or a combination of five TME descriptors, 9 immune response scores, and 

the EaSIeR score (mMCC of 0.105). The lowest performance (mMCC of 0.097) was observed 

when CART was based solely on a combination of five TME descriptors, 9 immune response 

scores, and the EaSIeR score. 

Overall, integrating five TME descriptors, nine immune response scores, and the EaSIeR 

score, as computed using the EaSIeR software, into a predictive model provides valuable 

information that can improve the model’s predictive ability to predict response to 

atezolizumab in mUC patients. Specifically, the nine immune response scores significantly 

contributed to improving the accuracy of both LGBM and CART models. However, including 

the TME descriptors alone, or in combination with other features, did not consistently lead 

to performance gains and, in some cases, introduced additional complexity that reduced 

model effectiveness. 
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Figure 21. Comparison of the predictive performance of the best-performing models 
using their predictive features to those combining with TME descriptors, immune 
response scores, and the EaSIeR score for atezolizumab response prediction in 320 
mUC patients from the merged discovery and validation datasets. Boxplots comparing 
MCCs obtained from five 10-fold CV runs (each dot represents a run) of two best-performing 
models: LGBM with 49 predictive genes (A), and CART-OMC with 63 genes, TMB and TNB 
(B). These are compared against models incorporating additional features: five TME 
descriptors, 9 published immune response scores (Ock_IS is not available in the EaSIeR tool), 
and EaSIeR score. These features account for the cellular composition of TMEs together with 
inter- and intracellular communication, offering a comprehensive view of tumours-immune 
interactions affecting the efficacy of immunotherapy. In addition, immune response scores 
and the EaSIeR score are proposed as predictors of response to ICIs. Random-level 
performance is delimited by the horizontal dashed lines at MCC of 0.0. Statistical 
comparisons between different models were performed using Welch’s t-test (two-sided). 
Stars denote the p-value of the test, where non-significant “ns” means 0.05 < p ≤ 1.00, “*” 



91 
 

means 0.01 < p ≤ 0.05, “**” means 0.001< p ≤ 0.01, “***” means 0.0001 < p ≤ 0.001, and “****” 
means p ≤ 0.0001. Overall, integrating five TME descriptors, 9 immune response scores, and 
the EaSIeR score into the predictive model improved the accuracy of both LGBM and CART 
models. 

4.13 Comparison of the best-performing models to JADBio autoML 

AutoML is the application of ML models to real-world problems by automating key aspects 

of the ML pipeline, including data preprocessing, feature selection, model selection, and 

hyperparameter tuning, minimising the need for manual intervention[222]. JADBio[55] is a 

recently launched AutoML tool tailored to low-sample high-dimensional datasets, as those 

arising in biomedical or biological problems. It outputs optimal predictive models by 

automatically training and evaluating numerous ML pipelines, optimising data 

preprocessing, feature selection, ML algorithms and their hyper-parameters. In this study, 

we applied JADBio on two sets of features: gene expression profiles (GEP) and integrated 

gene expression profiles and clinical data (GEP + clinical) to predict atezolizumab response 

in 320 mUC patients from merged discovery and validation datasets using JADBio’s 

regression algorithms. The evaluation metrics (MCC, ROC-AUC, and PR-AUC) demonstrate 

the performance of our best-performing models built in this study on the same set of patients 

against the JADBio prediction models (Table 12). 

When using gene expression profiles as an input, JADBio performs a repeated 10-fold CV 

(max. repeats = 20) with 4,276 different configurations being tried. The best-performing 

model was regression RF (with the following hyperparameters: training 100 trees with MSE 

splitting criterion, minimum leaf size = 9, splits = 1, alpha = 1, and variables to split = number 

of variables divided by 9.0), along with SES feature selection (with maxK = 2, alpha = 0.1 and 

budget = 3 * number of variables), achieving an MCC of 0.179. This model generated six 

equivalent atezolizumab response signatures, each comprising 25 out of 19,440 genes.  

Combining gene expression profiles and clinical data slightly improved the model 

performance in predicting atezolizumab response using JADBio. The best-performing model 

was regression RF (with training 100 trees with MSE splitting criterion, minimum leaf size = 

7, splits = 1, alpha = 1, and variables to split = number of variables divided by 9.0), along with 

SES feature selection (with maxK = 2, alpha = 0.1 and budget = 3 * number of variables), 

achieving MCC of 0.198. This model produced 56 equivalent atezolizumab response 

signatures, each comprising 19 (15 genes, TMB per megabase, and TNB per megabase) out 

of 19,448 features. 

Overall, our best-performing model on the merged dataset, with MCC of 0.252 for GEP 

(LGBM-OMC) and MCC of 0.253 for GEP + clinical (CART-OMC), outperformed the JADBio 

best-performing models with MCC of 0.179 for GEP and MCC of 0.198 for GEP + clinical (Table 

12). 
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Table 12. The predictive performance of the best-performing models vs. JADBio 

models in predicting atezolizumab response of 320 mUC patients from the merged 

discovery and validation datasets. The analysis used two feature sets: gene expression 

profiles (GEP) and combined GEP with clinical data (GEP + clinical). To perform a direct 

comparison, out-of-sample CV predictions from JADBio’s best-performing model were 

evaluated alongside our models using the same scripts and metrics for consistency. Random-

level performance is 0.0 for MCC, 0.5 for ROC-AUC, 0.765 for PR-AUC when using GEP, and 

0.733 for PR-AUC when using GEP + clinical. 

Features The best 
algorithm 

Methods #Features MCC ROC-AUC PR-AUC 

GEP LGBM-OMC nested 10-fold 
CV 

49 genes 0.252 0.685 0.860 

JADBio-RF-SES 
* 

repeated 10-fold 
CV (maximum 
repeats = 20) 

25 genes 0.179 0.625 0.842 

GEP + 
clinical 

CART-OMC nested 10-fold 
CV 

63 genes 
+ TMB + 

TNB 

0.253 0.664 0.870 

JADBio-RF-SES 
** 

repeated 10-fold 
CV (maximum 
repeats = 20) 

15 gene + 
TMB + 

TNB 

0.198 0.660 0.834 

*JADBio optimal parameters for GEP: Regression RF (with hyper-parameters: training 100 

trees with mean squared error (MSE) splitting criterion, minimum leaf size = 9, splits = 1, 

alpha = 1, and variables to split = number of variables divided by 9.0) with SES feature 

selection (with hyper-parameters: maxK = 2, alpha = 0.1 and budget = 3 * number of 

variables) 

**JADBio optimal parameters for GEP + clinical: Regression RF (with hyper-parameters: 

training 100 trees with MSE splitting criterion, minimum leaf size = 7, splits = 1, alpha = 1, 

and variables to split = number of variables divided by 9.0) with SES feature selection (with 

hyper-parameters: maxK = 2, alpha = 0.1 and budget = 3 * number of variables) 
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Chapter 5 

Predictive modelling for other drug responses in cancer 

patients 

ML applications increases in the field of precision oncology, however, many studies still rely 

on single modelling strategies or a single molecular profile within the identified 

publication[322]. This approach might lead to missing out on potentially better-suited 

alternatives that could perform well with specific dataset characteristics.  To overcome this 

limitation, there is a need for diverse algorithms and multiple molecular profiles to be 

performed, setting a new standard for ML algorithm selection and development, and is 

recommended as an additional criterion to assess study quality among ML-based modelling.  

Thanks to the U.S. NCI GDC, we had access to harmonised datasets across several cancer 

genome programs, offering a comprehensive set of clinical drug response data paired with 

omics profiles[199]. TGCA, one of the most ambitious and successful cancer genomics 

programs to date, has generated, analysed, and made available genomic sequence, 

expression, methylation, and CNV data for over 11,000 patients across 33 cancer types. 

Considerable efforts have leveraged TCGA's multi-omics data to predict drug treatment 

responses in various cancer types[46], [323]–[326]. For instance, Bomane et al.[46] 

employed TCGA data to predict breast cancer patients' responses to paclitaxel, using six 

tumour molecular profiles and 10 ML algorithms. Their study identified DT and, XGBoost, 

with OMC feature selection, exhibited highly predictive models based on the miRNA and DNA 

methylation profiles. Similarly, Ding et al.[323] developed an elastic net regression with 

bootstrap and RF model to predict drug responses for six drug-cancer-type binomials, each 

employing four molecular profiles. These approaches highlight the potential of omics-driven 

precision medicine to enhance prediction accuracy. 

In this chapter, we extend our proposed ML methodology for drug response prediction to 

three different chemotherapeutic drug-cancer-type binomials, beyond the previous 

successes with atezolizumab immunotherapy in mUC patients, including taxane-

anthracyclines in breast cancer, doxorubicin in breast cancer, and gemcitabine in PAAD. Since 

the predictive ability of ML models generally depends on the specific problem, we performed 

ML analysis tailored for each drug-cancer-type binomial, considering various ML algorithms 

across multiple molecular profiles, including mRNA, DNA methylations, CNVs, miRNAs and 

their isoforms. In brief, we evaluated the performance of eight ML algorithms to predict 

response to taxane-anthracycline treatment in breast cancer using tumour gene expression 

profiles, with and without the OMC feature selection, generating 16 ML models. Additionally, 

we expanded our analysis to include multiple molecular profiles beyond gene expression to 

conduct a large-scale ML analysis on matched treatment response and TCGA multi-omics for 

doxorubicin for breast cancer[298] and gemcitabine for PAAD[299]. We systematically 

evaluated eight ML algorithms, with and without an OMC feature selection, across eight 
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different molecular profiles, resulting in 128 ML models (16 algorithms x 8 molecular 

profiles). 

Our results demonstrated the robustness and generality of our proposed ML methodology 

by showing its consistent performance and adaptability across diverse datasets and 

highlighted the importance of using multiple algorithms and molecular profiles, leading to 

the discovery of predictive, reproducible, and robust drug response signatures and 

enhancing the overall prediction accuracy of drug response. 

5.1 Case study I: Predictive modelling of breast cancer patient response to taxane-

anthracycline chemotherapy using gene expression profiles 

Currently, taxane-anthracycline chemotherapy is the most widely used agent in neo-adjuvant 

chemotherapy for breast cancer[327]. Since clinical or pathological response can only be 

evaluated after a period of chemotherapy, we are unable to predict in advance which patient 

will be more sensitive or more resistant to treatment. Although primary drug resistance will 

occur in some patients leading to treatment failure, all patients eligible for taxane-

anthracycline chemotherapy empirically receive the same treatment in clinical practice. 

Therefore, identifying robust predictors would be of value to reducing ineffective treatment 

and related harmful side effects for those unlike to respond. To our knowledge, a broad range 

of ML algorithms to classify breast cancer patients’ responses to taxane-anthracycline 

chemotherapy has not yet been investigated so far. With this purpose, we retrospectively 

collected tumour gene expression profiles from 732 taxane-anthracycline chemotherapy-

treated breast cancer patients across two independent studies: Hatzis et al. (488 

patients)[328] and Magbanua et al.(244 patients)[329]. We developed ML models with eight 

classification algorithms to predict the response to taxane-anthracycline chemotherapy 

using the Hatzis discovery dataset[328]. The best-performing model was then externally 

validated on an independent dataset from the Magbanua study[329] to assess the model's 

generalisability. The goal of this study is to identify the robust ML model to classify taxane-

anthracycline chemotherapy responders and non-responders in breast cancer patients.  

5.1.1 Cohort characteristics of taxane-anthracycline chemotherapy-treated breast 

cancer patients 

The Hatzis discovery dataset[328] included 488 breast cancer patients who received taxane-

anthracycline chemotherapy, while the Magbanua independent dataset[329] included 244 

patients with the same cancer type and treatment. We retrieved the gene expression profiles 

and clinical data for both studies from the National Centre for Biotechnology Information 

(NCBI) Gene Expression Omnibus (GEO) database, with GSE25066 for the discovery dataset 

and GSE32603 for the independent dataset. Gene expression profiling for the discovery 

dataset was conducted using the Affymetrix Human Genome U133A microarray (HG-U133A), 

with 22,284 probe IDs, while the independent dataset used the 

UCSF/HAQQLAB_Human_40986_ISPY microarray, with 5,069 probe IDs. The gene 
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expression data is a two-dimensional matrix where rows represent patients and columns 

represent genes, with gene expression levels quantified as normalised log2-transformed 

probe intensities in the discovery dataset and normalised log2 of the Cy5 (tumour)/Cy3 

(reference) intensities in the independent dataset. 

Taxane-anthracycline chemotherapy response was evaluated by pathologists through 

a microscopic examination using haematoxylin and eosin staining[330]. Patients achieving a 

pathologic complete response (pCR), defined as no detectable cancer in post-chemotherapy 

tissue samples, were classified as responders. While patients with residual disease (RD), 

which showed persistent cancer cells after treatment, were defined as non-responders. Thus, 

the response rate was 20% (99 responders and 389 non-responders) in the discovery 

dataset and 21% (51 responders and 193 non-responders) in the independent dataset. 

5.1.2 Development and validation of ML models 

To facilitate ML analysis, both datasets were standardised by converting probe IDs to valid 

gene symbols, averaging expression values for genes with multiple probes. We could identify 

8,992 protein-coding genes that overlapped between the discovery and independent 

datasets. Genes with missing values were replaced with each gene’s mean expression, and 

MinMaxScaler were used to scale the gene expression data. The patients’ response labels 

were encoded as 0 for non-responders and 1 for responders. Due to a class imbalance, where 

80% of the data are non-responders, class weights were applied during model training to 

assign higher weights to the minority class, allowing the model to pay more attention to its 

patterns and reducing bias towards the majority class. However, class weights could not be 

applied to the KNN algorithm because it does not support class weighting. 

The discovery dataset was divided into ten equal-sized folds as training and testing sets using 

stratified k-fold (k = 10) to preserve the same class distribution in each fold as the original 

dataset. We developed all-feature and OMC models using eight supervised ML classification 

algorithms to predict patients' responses to taxane-anthracycline chemotherapy: 

classification and regression tree (CART), RF, XGBoost, LGBM, KNN, LR, SVC with linear and 

RBF kernel, resulting in a total of 16 ML models. The all-feature model's predictive 

performance was evaluated with a standard 10-fold CV using all features. While the OMC 

model was assessed via nested 10-fold CV using only a subset of informative features (the 

top 2 to n/2 subset of features with the smallest P-values from an ANOVA test, where n is the 

number of samples). The CV is performed 5 times changing the random seed to assess 

robustness. 

Out-of-sample predictions from the 10-fold CV were merged to calculate the evaluation 

metrics (MCC, ROC-AUC, and PR-AUC). The classification threshold was set to 0.5, where 

patients with predicted probabilities above this value were categorised as responders, and 

those below as non-responders. The best-performing model was selected based on the 

highest mMCC. 
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5.1.3 Predicting breast cancer patient response to taxane-anthracycline 

chemotherapy from gene expression profiles 

The evaluation metrics (MCC, ROC-AUC, and PR-AUC) for five 10-fold CV runs on the 

discovery dataset using gene expression profiles across 16 ML models (all-feature and OMC 

version) is shown in Figure 22. Overall, five models exhibited promising results in 

distinguishing responders from non-responders with an mMCC above 0.3: LR (mMCC of 

0.396), LR-OMC (mMCC of 0.343), SVC(Linear) (mMCC of 0.332), SVC(Linear)-OMC (mMCC 

of 0.302), and SVC(RBF)-OMC (mMCC of 0.329). The all-feature LR model achieved the 

highest mMCC of 0.396, along with the highest ROC-AUC of 0.785, and PR-AUC of 0.473. Thus, 

it is recommended for this challenging problem. 

Notably, six OMC models (CART-OMC, LGBM-OMC, RF-OMC, XGBoost-OMC, KNN-OMC, and 

SVC(RBF)-OMC) showed higher mMCC compared to their corresponding all-feature models, 

although some improvements were not statistically significant. This suggests that ML models 

benefit from feature selection, which aims to extract only the most informative features and 

remove noisy non-informative features, leading to more accurate prediction. 

5.1.4 External validation of the best-performing model 

To investigate whether the best-performing model (all-feature LR) could generalise to new, 

unseen patient data, we externally validated its predictive ability on an independent dataset. 

To achieve this, the all-feature LR model was retrained using all available features from the 

entire discovery dataset and was then applied to predict taxane-anthracycline chemotherapy 

response in breast cancer patients from the Magbanua study[329]. 

The evaluation metrics (MCC, ROC-AUC, and PR-AUC) of the best-performing model in 

predicting response to taxane-anthracycline chemotherapy on the independent dataset are 

shown in Table 13. The model exhibited a slight decrease in performance on the independent 

dataset (MCC of 0.351) compared to the discovery dataset (MCC of 0.396). These results 

suggest that, despite being trained on the discovery dataset, the model was robust and 

accurately predicted the response on a new, unseen dataset, demonstrating its applicability 

was not limited to a single study. 
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Figure 22. Five-repetition evaluation metrics on the discovery dataset across eight ML 

models using gene expression profiles. (A) MCC, (B) ROC-AUC, and (C) PR-AUC was 

calculated from merged 10-fold CV runs on the discovery dataset (the CV is performed five 

times changing the random seed to assess the robustness). Gene expression profiles were 

standardised using MinmaxScaler and analysed per learning algorithm either with all 

features or a small subset of informative features selected via OMC feature selection (the 

suffix “OMC” was added to the algorithm name). Class imbalances were mitigated by applying 

class weights during model training, except for KNN, which does not support class weighting. 

The random-level performance is delimited by the horizontal dashed lines: 0.0 for MCC, 0.5 

for ROC-AUC, and 0.203 for PR-AUC. Statistical comparisons between models were 

performed using Welch’s t-test (two-sided). Stars denote the p-value of the test, where non-

significant “ns” means 0.05 < p ≤ 1.00, “*” means 0.01 < p ≤ 0.05, “**” means 0.001< p ≤ 0.01, 

“***” means 0.0001 < p ≤ 0.001, and “****” means p ≤ 0.0001.  

Table 13. The evaluation metrics of the best-performing model using gene expression 

profiles on the independent dataset. The evaluation metrics (MCC, ROC-AUC, and PR-AUC) 

were calculated using prediction on the independent dataset of the best-performing model 

(LR). This LR model was selected based on the highest MCC from a 10-fold CV on the 

discovery dataset, retrained on the full discovery dataset, and tested on the independent 

dataset. Random-level performance is as follows: MCC of 0.0, a ROC-AUC of 0.5, a PR-AUC of 

0.203 for the discovery dataset, and a PR-AUC of 0.209 for the independent dataset.  

Dataset The best-
performing model 

MCC ROC-AUC PR-AUC 

Discovery dataset LR with 
MinmaxScaler and 
class weight applied 

0.396 0.785 0.473 

Independent dataset 0.351 0.586 0.624 

 

5.2 Case study II: Predictive modelling of breast cancer patient response to 

doxorubicin based on their tumour molecular profiles  

Doxorubicin is a commonly used chemotherapeutic agent for various solid tumours[331], 

[332]. However, not all patients respond effectively to this drug, and its use can sometimes 

lead to severe, potentially life-threatening side effects[333]. Therefore, accurately identifying 

doxorubicin-resistant patients is crucial to unnecessary risks and offer alternative 

treatments without delay. Traditional oncology approaches often rely on single predictors 

(e.g., HER2 expression)[334]–[336]; however, the complex intra- and intertumoral 

heterogeneity in breast cancer, which poses diagnostic and therapeutic challenges, leads to 

insufficient clinical outcomes and responses prediction to current therapies, necessitating a 

more comprehensive approach[337]. This study leveraged ML applied to multi-omics and 

clinical data to predict doxorubicin response in breast cancer patients. 
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Using data from 96 breast cancer patients (87 responders and 9 non-responders) in the 

publicly available TCGA-BRCA dataset, we analysed clinical and molecular profiles, including 

transcriptomics (e.g., gene expression, miRNA, and isomiR expression), CNVs, and DNA 

methylation. These profiles contained high-dimensional features, ranging from expression 

levels of 927 isomiR to methylation levels of 450,000 DNA probes. We developed ML models 

using eight binary classification algorithms, with and without OMC feature selection, applied 

across eight molecular datasets, resulting in 128 ML models. Models were evaluated using 

10-fold CV (the CV is repeated five times changing random seeds). Class imbalances were 

mitigated by applying class weights during model training, except for KNN, which does not 

support class weighting. For algorithms outputting class probabilities, a threshold of 0.5 was 

used to classify patients: those with probabilities above 0.5 were classified as responders, 

and those below as non-responders. The full details of methodology, including data collection 

and preprocessing and the OMC feature selection strategy, is available in Appendix II[298]. 

Our large-scale analysis (8 molecular profiles × 8 algorithms × 2 feature strategies) identified 

two best-performing models for doxorubicin response among 128 ML models. The CART 

algorithm, using the expression levels of four isomiRs (hsa-miR-450a-1, hsa-miR-19b-2, hsa-

miR-92a-2, and hsa-miR-92a-1), achieved the highest performance (mMCC of 0.56; Figure 

23). In addition, CART incorporating three miRNAs (hsa-miR-4421, hsa-miR-4680, and hsa-

miR-514a-1) yielded an mMCC of 0.32. These findings highlight that considering fewer 

algorithms and/or fewer profiles could easily miss predictive models for doxorubicin 

response. 

 

Figure 23. Heatmap showing the mMCC of five 10-CV repetitions for 128 models in 

predicting response to doxorubicin in breast cancer patients. Rows represent molecular 



100 
 

profiles, while columns correspond to classification algorithms. The first eight algorithms on 

the left utilised all available features, while the rightmost eight (labelled with the “OMC” 

suffix) employed OMC to identify a small subset of features, facilitating model prediction. 10-

by-10 nested-CV runs were carried out five times, each time with a different random seed. 

MCCs were computed from merged CV predictions for each run, producing five MCC values 

per algorithm-profile pair. The heatmap displays the mMCC, with darker blue shades 

indicating higher predictive performance. Random-level performance corresponds to an 

MCC of 0.0, while undefined mMCC values (e.g., when the model predicts a single class for all 

samples, resulting in a zero denominator) are shown as blank grey boxes. The full details of 

the methodology are fully described in Appendix II[298]. 

Previous studies identified HER2 status as a marker of doxorubicin sensitivity in breast 

cancer, with higher HER2 expression linked to increased drug sensitivity[338]–[340]. 

However, this study found that CART models using three miRNAs (mMCC = 0.32) or four 

isomiRs (mMCC = 0.56) outperformed the HER2-based model (mMCC = 0.14) in predicting 

doxorubicin response.  

We next performed pathway enrichment analysis using overrepresentation analysis to 

identify biological pathways enriched with 13,898 miRNA targeted genes from the 

WikiPathways cancer repository. The analysis revealed four cancer-associated pathways 

significantly enriched (FDR ≤ 0.05): DNA damage response, ErbB signaling, endometrial 

cancer, and chromosomal/microsatellite instability in colorectal cancer. These pathways, 

particularly DNA damage response and cell signalling, are linked to doxorubicin's mechanism 

of action and may contribute to resistance[338]–[340]. The ErbB signaling pathway, in 

particular, was associated with worsened breast tumorigenesis and doxorubicin 

resistance[341], [342]. In addition, overrepresentation analysis revealed that 23 breast 

cancer-specific gene sets were enriched in 10 cancer-associated pathways. These genes were 

also part of drug resistance pathways, like platinum drug resistance and endocrine 

resistance. The analysis showed that the BC-specific genes regulate key processes in 

doxorubicin’s mechanism of action, including apoptosis and DNA damage response. 

Alterations in these processes can contribute to doxorubicin resistance. 

5.3 Case study III: Predictive modelling of response to gemcitabine in PAAD patients 

based on their tumour molecular profiles and clinical data 

Gemcitabine has been the standard first-line therapy for patients with unresectable locally 

advanced or metastatic pancreatic cancer. However, only about 23% of patients with 

advanced disease respond to gemcitabine, with a median survival of approximately six 

months[343], [344]. Single-gene biomarkers, particularly those related to the gemcitabine 

mechanism, have shown an association with treatment response, as demonstrated by studies 

on protein expression[345], [346] and genetic polymorphisms[347], [348]. Human 

equilibrative nucleoside transporter 1 (hENT1) has been widely studied, with high 

expression associated with increased gemcitabine sensitivity in PAAD[346], [349]–[351]. 

Yet, some studies did not observe these benefits due to variability in antibodies and 
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methodologies used across different laboratories[352], [353]. Multigene signatures have 

been explored as alternatives, but their predictive power remains limited[354]. 

Our study leverages ML to address these challenges by identifying robust drug response 

biosignatures from diverse tumour molecular profiles. Using data from 70 PAAD patients (41 

non-responders, 29 responders) available through the TCGA-PAAD project, we evaluated 

eight molecular profiles using eight ML algorithms. Models were built with full feature sets 

and only a small subset of informative features identified through OMC feature selection, 

resulting in 128 ML models. Model performance was assessed via five repetitions of a 10-fold 

CV, each with a different random seed.  Class imbalances were mitigated by applying class 

weights during model training, except for KNN, which does not support class weighting. A 

class probability threshold of 0.5 was applied to classify patients, with those predicted to 

have a response probability above the threshold classified as responders, and those below 

classified as non-responders. Detailed methodology is provided in Appendix III[299]. 

Out of 128 models, only seven demonstrated predictive power (mMCC > 0.3), highlighting 

the importance of extensive model exploration across diverse omics profiles and ML 

algorithms. These seven predictive models were all OMC models, which improve 

performance by training only on the most informative features, reducing noise from 

irrelevant features in high-dimensional datasets compared to all-feature models. The RF-

OMC integrating four mRNAs (0.007% of 60,483; SEPW1P, RP11-179A10.1, ATF4P4, and 

CTC-429L19.3) was the best-performing model, achieving an MCC of 0.44. Similar predictive 

performances were observed for the LR-OMC incorporating five mRNAs (0.008% of 60,483; 

SEPW1P, RP11-179A10.1, ATF4P4, CTC-429L19.3, and SPCS2P1) with an mMCC of 0.4. In 

addition, the XGBoost-OMC combining 12 CpG probes (0.003% of 450,000) from DNA 

methylation profiles also showed relatively strong performance with an MCC of 0.32. These 

probes are associated with 14 genes: cg03208198 (COL18A1 and MIR6815), cg07239938 

(ELANE), cg11528307 (C14orf80 and CRIP1), cg15200796 (TMEM191C), cg16049691 

(AHRR), cg16379910(B2M), cg17804635 (ZNF703), cg23854567 (PXN), 

cg24128434(DNAH2), cg25653341 (PLOD3), cg27152190 (RP11-429P3.3), and 

ch.2.184672693R (not linked to any gene). These findings highlight the potential of omics-

driven ML approaches to refine gemcitabine response predictions and support personalised 

treatment strategies in PAAD. 
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Figure 24. Heatmap presenting the mMCC of five 10-fold CV repetitions for 128 models 

predicting gemcitabine response in PAAD patients. Rows represent molecular profiles, 

while columns correspond to classification algorithms. The first eight algorithms on the left 

utilised all available features, while the rightmost eight (labelled with the “OMC” suffix) 

employed OMC to identify a small subset of features, facilitating model prediction. 10-by-10 

nested-CV runs were carried out five times, each time with a different random seed. MCCs 

were computed from merged CV predictions for each run, producing five MCC values per 

algorithm-profile pair. The heatmap displays the mMCC, with darker green shades indicating 

higher predictive performance. Random-level performance corresponds to an MCC of 0.0, 

while undefined mMCC values (e.g., when the model predicts a single class for all samples, 

resulting in a zero denominator) are shown as blank grey boxes. The full details of the 

methodology are fully described in Appendix III[299]. 

hENT1 has been identified as a predictive biomarker for gemcitabine response in pancreatic 

cancer, with high expression linked to greater sensitivity and improved survival[355]–[357]. 

However, ML models using multiple biomarkers performed significantly better than hENT1 

alone. The RF-OMC model combining four mRNAs (mMCC = 0.44) and the XGBoost-OMC 

model using 12 CpG probes (mMCC = 0.32) both outperformed models based solely on 

hENT1 expression, which had negative MCC values. These findings suggest that multi-gene 

and epigenetic markers provide more accurate predictions of gemcitabine response than a 

single-gene biomarker. 

The RF-OMC model combined four predictive mRNA features (SEPW1P, RP11-179A10.1, 

ATF4P4, and CTC-429L19.3), with some implicated in cancer progression and drug 

resistance through alterations in their expression. Other studies have already examined the 



103 
 

roles of these genes in other types of cancer. For example, depletion of SEPW1P enhances 

tumour suppressor activities in breast cancer.[358] The single-nucleotide SNPs located in 

long noncoding RNA RP11–179A10.1 were reportedly associated with poorer outcomes in 

ovarian cancer[359], but their association with PAAD has not been documented. DNA 

methylation profiles with XGBoost-OMC identified 12 CpG sites linked to 14 genes as 

predictive biomarkers. Increased expression of four mRNAs and methylation at 11 CpG sites 

correlated with better treatment response, while cg03208198 hypermethylation predicted 

resistance. Some predictive genes were previously associated with poor prognosis in various 

cancers. Elevated COL18A1 expression has been associated with unfavourable clinical 

outcomes in pancreatic cancer[360], gastric cancer[361], and oesophageal squamous cell 

carcinoma[362]. In addition, reduced CRIP1 expression has been observed in invasive 

pancreatic cancer[363]. ZNF703, a transcriptional regulator with oncogenic properties, plays 

a role in cell adhesion, migration, and proliferation. Its overexpression has also been 

connected to resistance to tamoxifen treatment[364], [365]. Pathway analysis from GO and 

KEGG pathway database revealed enrichment in cancer-related and drug resistance 

pathways, supporting their potential mechanistic role in treatment response. 
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Chapter 6 

Conclusion and discussion 

6.1 Summary of thesis achievement 

Cancer is a highly complex and heterogeneous disease, with numerous possible molecular 

pathways contributing to the development of even the same cancer type. This complexity 

explains why the response to any given drug can be highly variable across patients[366]. 

Precision oncology aims to address this challenge by tailoring treatments based on the 

molecular profiles of individual patient tumours[367]. The rapid growth of publicly available 

omics data, doubling approximately every 6–7 months and projected to reach 40 million 

gigabytes annually within a decade [368], has facilitated the development of ML applications 

in cancer pharmacogenomics[369]. ML ideally leverage molecular cause-and-effect 

relationships altered in cancer to predict treatment outcomes and guide personalised 

therapies.  These models aim to stratify patients likely to benefit from specific drugs in order 

to propose suitable drugs without delay and minimise harmful side effects for those unlikely 

to respond. Despite its potential, ML is still rarely applied to this type of problem, as they are 

challenged by high-dimensional low-sample data, which require particularly careful data 

preparation and analysis. 

This PhD project is hence innovative in that it provides a proof of concept that this promising 

approach is viable. We reported here on the successful application of ML models using 

tumour gene expression profiles, as well as other molecular data types (such as miRNAs, 

isomiRs, DNA methylations, and CNVs), to predict patient responses across four drug-cancer-

type binomials: atezolizumab in 320 mUC patients [2], [54], taxane-anthracycline regimens 

in 732 breast cancer patients [328], [329], doxorubicin in 96 TCGA-BRCA patients,  and 

gemcitabine in 70 TCGA-PAAD patients.  These large-scale ML analyses considering various 

molecular data types and ML algorithms led to the discovery of predictive, reproducible, and 

robust drug response signatures, facilitating the prediction of treatment responses in cancer 

patients. These retrospective proof-of-concept studies are necessary before initiating further 

prospective clinical applications in collaboration with healthcare providers. 

The summary in Table 14 highlights the robustness and generality of our proposed 

methodology across these four case studies. The results consistently demonstrate strong 

predictive performance, showcasing the adaptability of our approach to various scenarios. 

Notably, the best-performing models differ for each case (different in combinations of 

molecular profiles and algorithms), highlighting the importance of incorporating diverse 

molecular profiles (e.g., mRNA, DNA methylation, CNVs, miRNAs and their isoform) tailored 

to various ML algorithms, to enhance the accuracy of drug response predictions. 
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Table 14. Overview of drug-cancer type binomials and best-performing models. This table summarises the data sources, 

the number and proportion of responder (R) and non-responder (NR), the number of profiles analysed and algorithms 

considered, and evaluation metrics (MCC, PR-AUC, and ROC-AUC) for the best-performing models for each drug-cancer type 

binomials. For atezolizumab-mUC, metrics were calculated using prediction on the validation dataset of the best OMC model, 

which was selected based on the highest MCC from the 10-fold CV on the discovery dataset. For other cases, metrics were 

calculated using merged predictions of a 10-fold CV run. In cases with the independent dataset (e.g., taxane-anthracycline-BC), 

metrics were calculated on the independent dataset using predictions from the best-performing model trained on the full 

discovery dataset. Random-level performance is as follows: MCC of 0.0, ROC-AUC of 0.5, and PR-AUCs dataset positive sample 

proportions: 0.682 (Snyder validation dataset), 0.766 (merged discovery and validation datasets), 0.203 (Hatzis discovery 

dataset), 0.318 (Magbanua independent dataset), 0.906 (doxorubicin-BC), and 0.414 (gemcitabine-PAAD). 

Drug-cancer 
type 

Dataset #Patient #Profile  #Algorithm  Best model MCC PR-AUC ROC-AUC 

Atezolizumab
-mUC 

IMVigor210 discovery 
dataset[2] 

298 
(R: 68, NR: 230) 

1 8  
(each with OMC) 

mRNA 
(CART-OMC) 

   

Snyder validation 
dataset[54] 

22 
(R: 7, NR: 15) 

0.437 0.955 0.811 

Merged discovery and 
validation datasets[2], 
[54] 

320 
(R: 75, NR: 245) 

1 8  
(each with OMC) 

mRNA 
(LGBM-OMC) 

0.252 0.860 0.685 

Taxane-
anthracycline
-BC 

Hatzis discovery 
dataset[328] 

488 
(R: 99, NR: 389) 

1 16 
(8 algorithms each 

with and without OMC) 

mRNA 
(LR) 

0.396 0.473 0.785 

Magbanua independent 
dataset[329] 

244 
(R: 51, NR: 193) 

The best-performing model from 
the Hatzis discovery dataset: mRNA (LR) 

0.351 0.624 0.586 

Doxorubicin-
BC 

TCGA-BRCA  96 
(R: 87, NR: 9) 

8 16 
(8 algorithms each 

with and without OMC) 

isomiR 
(CART) 

0.557 0.979 0.804 

miRNA 
(CART) 

0.32 0.643 0.964 

Gemcitabine-
PAAD 

TCGA-PAAD  70 
(R: 29, NR: 41) 

8 16 
(8 algorithms each 

with and without OMC) 

mRNA  
(RF-OMC) 

0.440 0.719 0.785 

mRNA 
(LR-OMC) 

0.404 0.775 0.771 

CpG 
(XGBoost-OMC) 

0.32 0.598 0.697 
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In our study on predicting atezolizumab response in mUC patients using tumour gene 

expression profiles and clinical data from two independent cohorts [2], [54], we 

demonstrated the use of regression algorithms for the classification task by applying a 

threshold to classify the predicted values into class labels (responder or non-responder). 

This approach allows the model to learn from all the patients’ response labels (CR, PR, SD, 

and PD) rather than the more common information-wasting binary classes (CR and PR as 

responders and SD and PD as non-responders). By conducting five 10-fold CV runs on the 

discovery dataset to select the best OMC model, which was then tested on the validation 

dataset, this study identified CART-OMC as the best-performing model for predicting 

atezolizumab response in mUC patients, achieving the highest MCC of 0.437 (Figure 9 and 

Table 6). The CART-OMC nonlinearly combined only 29 (0.15%) out of the 19,441 genes 

considered (Table 7), with the feature importance generated by the model shown in Figures 

14 and 15. Thus, in a prospective clinical trial, each mUC patient would only need to be 

profiled for these 29 genes before treatment, which would substantially reduce time and cost 

compared to determining the full profile. In addition, integrating gene expression profiles 

and clinical data, GEP + TMB + TNB (LR-OMC), did not improve predictive accuracy (Figure 

10 and Table 8). This lack of improvement could be attributed to heterogeneity in TMB and 

TNB detection and quantification methods across different laboratories, which may reduce 

the predictive performance of models that incorporate TMB and TNB into their predictions.  

The predictive performance of CART-OMC is robust in this context. First, CART-OMC 

outperformed immunotherapy response biomarkers, including TMB, TNB, and PD-L1 

protein expression (Figure 11). Second, it demonstrated greater predictive performance than 

its permuted version, with accuracy improving as the training dataset size increased (Figure 

12). Third, clustering 374 mUC patients from the discovery (N = 348) and validation (N = 26) 

datasets, including those with known and unknown atezolizumab response records, based 

on the 29 predictive genes identified by CART-OMC (Figure 13), revealed that the 298 mUC 

patients in the training dataset were well-represented across all clusters. These clusters also 

included the 26 mUC patients in the validation dataset and others with unknown responses, 

indicating that they fall within the model's applicability domain and are likely to achieve 

similar predictive accuracy for atezolizumab response. Fourth, CART-OMC could identify 29 

genes potentially associated with atezolizumab response and its mechanism. PPI network 

analysis revealed that several of these genes were physically or functionally associated with 

CD274, indicating their activities may be influenced upon atezolizumab binding to PD-L1 

(Figure 17). Wikicancer and GO pathway enrichment analysis revealed that a subset of these 

29 genes was significantly enriched (FDR<0.05) in 32 biological pathways related to cancer-

associated and immunotherapy response mechanisms (Figure 18, Table 10). These 29 genes 

may contribute to atezolizumab resistance and cancer progression through alterations in 

their expressions as indicated by the differential expression pattern between responders and 

non-responders (Figure 16). 

Lastly, we merged the discovery and validation datasets to create a more challenging test set. 

With a total of 320 mUC patients, we were able to generate predictions for those patients and 
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compare our model’s performance with state-of-the-art ML drug response prediction models 

(e.g., EaSIeR and JADBio). Our best-performing models (LGBM-OMC with 49 genes, and CART 

with 63 genes with TMB and TNB) outperformed EaSIeR (Figure 20) and JADBio (Table 12) 

in predicting response to atezolizumab in 320 mUC patients, despite implementing a fully 

autoML approach and extensive tuning effort in JADBio. Furthermore, integrating predictive 

genes from the best-performing models with five TME descriptors, 9 published immune 

response scores, and the EaSIeR score, as computed for each patient using EaSIeR, improved 

the prediction of atezolizumab response (Figure 21). This integration provides 

a comprehensive approach that incorporates various dimensions of tumour-immune 

interactions, leading to improved predictive accuracy. Despite merging more features 

computed using EaSIeR providing a performance boost, we should consider the time and cost 

overhead of determining the full gene expression profiles in every patient for EaSIeR RNA-

sequencing input to compute these features. 

Due to the challenge problem in this study associated with predicting atezolizumab response 

in mUC patients, the EaSIeR model employed multi-task ML built on TCGA cancer patients 

who were not treated with anti-PD-1/anti PD-L1 inhibitors. Despite benefiting from the 

availability of many samples, a major limitation is that the model may not accurately predict 

atezolizumab response from non-immunotherapy-treated TCGA patients. Unlike our 

approach, which involves training the models on gene expression profiles and clinical data 

from mUC patients treated with atezolizumab. In addition, JADBio has a limited number of 

algorithms to build the model. Thus, it may need to consider including additional algorithms 

such as LGBM, which was the best-performing model in our study, to handle a wider range of 

datasets and achieve higher accuracy in predictions. 

Atezolizumab response assessment in both studies relied on CT/MRI scans evaluated using 

RECIST version 1.1, which categorises patients as CR, PR, SD, or PD, with CR and PR grouped 

as responders, and SD and PD as non-responders. Although RECIST 1.1 provides 

standardised criteria, subtle differences in imaging resolution, contrast enhancement, 

sensitivity to tumour morphology, and interpretation may lead to inconsistencies in response 

categorisation. Beyond imaging-based assessment, heterogeneity in biopsy sampling and 

sequencing methodologies also contribute to data noise. Tumour biopsies often capture only 

a subset of the tumour, which may not fully represent the molecular heterogeneity present 

across different regions. The spatial distribution of these subclones influences gene 

expression patterns, potentially introducing noise into the data that impact the reliability of 

predictions. In addition, differences in sequencing platforms, protocols, and multi-centre 

sample integration introduce batch effects. Differences in sequencing depth can impact 

transcriptomic data accuracy, limiting the detection of low-abundance transcripts and 

potentially omitting biologically relevant signals. These technical discrepancies are evident 

in our study datasets. The IMvigor210 dataset employed the TruSeq RNA Access protocol 

(Illumina®), generating raw counts for 31,286 genes with Entrez Gene IDs, while the 

validation dataset from Snyder et al. utilized Illumina HiSeq 4000 with tximport processing, 

reporting 39,292 gene expressions with Ensembl Gene IDs. These technical discrepancies 
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necessitate rigorous normalisation strategies to mitigate batch effects and ensure cross-

study comparability. Given these sources of noise, it is crucial to account for the inherent 

biological heterogeneity during model development and to consider how variations in biopsy 

sampling methods (e.g., core needle biopsy versus surgical resection) might affect the 

consistency and quality of the molecular data used in training predictive models. Addressing 

these challenges requires robust normalisation techniques, careful model training to account 

for biological variability, and an awareness of how sampling methods influence molecular 

profiles. 

Building on our success with atezolizumab immunotherapy response prediction in mUC 

patients using gene expression profiles, we extended our work to develop drug response 

prediction models for three additional drug-cancer-type binomials involving different drug 

types (e.g., cytotoxic chemotherapies). For taxane-anthracycline chemotherapy in breast 

cancer patients, we could identify LR employing gene expression profiles as the best-

performing model from five 10-fold CV runs on the discovery dataset (Figure 22).  Notably, 

the LR model showed robustness and generalisability, achieving similar predictive 

performance on an independent dataset (Table 13). This suggests its applicability is not 

limited to a single cohort. Interestingly, the fact that the best-performing models are linear, 

despite testing non-linear models too, hints at the nonlinearity of the data. 

Furthermore, we demonstrate the advantages of including more tumour molecular profiles, 

beyond gene expression alone, to enhance predictive accuracy. Owing to the wealth of 

curated profiling data from the GDC, we conducted a large-scale ML analysis of 128 ML 

models built on 8 molecular profiles per patient and 8 algorithms with and without OMC 

feature selection strategy to predict response to doxorubicin in breast cancer patients (N = 

96) and gemcitabine in PAAD patients (N = 70). Small sample sizes are not uncommon in 

cancer-specific drug response prediction studies. Here, out-of-sample predictions were 

carried out using a 10-fold CV, which has been shown to effectively estimate model 

performance in small datasets. Interestingly, only 2 out of 128 models for doxorubicin-BC 

(Figure 23) and 7 models for gemcitabine-PAAD (Figure 24) achieved predictive 

performance with mMCC > 0.3, showing that such models could be easily missed by a 

standard-scale analysis limited to a few ML algorithms or single molecular profiles. For 

doxorubicin response in breast cancer, the two most predictive models built with CART: 

mMCC of 0.56 from CART using four isomiRs and mMCC of 0.32 from CART using three 

miRNAs. For gemcitabine response in PAAD, the two most predictive profiles were mRNA 

and DNA methylation: mMCC of 0.44 from RF-OMC using four mRNAs, mMCC of 0.4 from LR-

OMC using five mRNAs, and mMCC of 0.32 from XGBoost using 12 CpG probes. These findings 

highlight that using various ML algorithms tailored to molecular profiles beyond gene 

expression also demonstrates promising predictive power, which underlines the importance 

of conducting such a large-scale analysis to avoid missing the most predictive models.  

Yet, the pharmacogenomics data are often high dimensional, as the number of features 

significantly outnumbers the available samples, which is challenging for many ML algorithms 

in biomedical research. In our study, the dataset included high-dimensional profiles, 
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including expression levels of 927 isomiRs to methylation levels of 450,000 DNA probes 

across only a few hundred patient samples. This necessitates efficient feature selection 

methods to identify the most informative predictors for a given outcome. Our group 

developed a scheme called OMC, which identifies a small subset of informative features from 

the much larger original feature space before model training and integrated OMC with 

various ML algorithms[44]–[46]. This approach increases the chance of making accurate 

predictions of ML models. For instance, the CART-OMC model selected only 29 genes (0.15% 

out of the total 19,441 genes) to predict atezolizumab response in mUC patients. Similarly, 

for gemcitabine response in breast cancer patients, the RF-OMC integrating four mRNAs 

(0.007% of 60,483), the LR-OMC incorporating five mRNAs (0.008% of 60,483), and the 

XGBoost-OMC combining 12 CpG probes (0.003% of 450,000). 

While OMC can be highly predictive in certain cases, embedded feature selection methods 

within algorithms, such as CART, perform feature selection directly within the model itself 

and can be just as effective, or sometimes even more effective, in specific contexts. For 

example, in the doxorubicin-BC cases, CART models using either miRNAs or isoforms 

achieved the best predictive performance, selecting only three or four features out of 

approximately 1–2 thousand considered. However, since OMC works by ranking the features 

based on p-values derived from univariate statistical tests that assess the correlation 

between each feature and the corresponding label, it may lead to the selection of redundant 

features and does not account for multicollinearity, when two or more features are 

correlated. 

In addition, hierarchical Bayesian models and causal ML techniques offer valuable 

approaches for handling high-dimensional data with low sample sizes. Hierarchical Bayesian 

models enhance predictive accuracy and generalisation by incorporating prior knowledge 

and sharing information across different levels (e.g., genes, patients), leading to more robust 

predictions and improved performance on unseen data[370], [371]. While ML algorithms are 

designed to identify patterns and correlations in data, they do not make explicit assumptions 

about causal relationships. For example, a RF model may successfully predict drug response 

in cancer patients, but it does not clarify how specific features influence the response. Causal 

inference, on the other hand, focus on identifying cause-and-effect relationships between 

molecular features and drug response[372], [373]. However, both hierarchical Bayesian 

models and causal ML techniques have limitations. One key challenge of hierarchical 

Bayesian models is the reliance on prior distributions, which can be difficult to specify 

accurately, particularly when prior knowledge is limited or uncertain. Causal ML techniques 

aim to uncover causal relationships rather than optimise predictive performance, while this 

study focuses on predictive modelling rather than causal discovery. Moreover, these models 

are computationally intensive and may struggle with scalability in large datasets. 

Regarding the use of deep learning (DL) for drug response prediction, it often does not yield 

significant improvements[374], [375]. This is primarily because DL models typically require 

large amounts of data to perform well. However, in many biomedical datasets, including 

those used for drug response prediction, the available data is often limited in size due to the 
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high costs associated with experiments, making it difficult for DL models to outperform 

classical ML algorithms. In addition, DL models may not always generalise well on small 

datasets due to their complexity and the large number of parameters that require 

optimisation during the training process, making them prone to overfitting easily and leading 

to poor performance on new, unseen data. DL models also require more computational 

resources compared to ML methods, including high-performance computing units, powerful 

GPUs, and substantial storage capacity. Moreover, their "black boxes" nature makes it difficult 

to interpret how they make decisions. This lack of model interpretability can be a major 

drawback in fields of drug response prediction, where understanding the biological 

significance of predictors is crucial. 

While multi-omics technology has significantly advanced the development of 

immunotherapy for mUC, it also encounters several challenges. Firstly, current sequencing 

technologies impose limitations on sequencing depth, which can impact the accuracy of 

transcriptomic data. This limitation may hinder the identification of low-frequency 

variations and result in the omission of crucial biological information. Additionally, 

significant batch effects often arise during cross-platform sequencing and multi-sample 

integration. There are substantial discrepancies in the standards for batch processing across 

various studies, which can reduce the reproducibility of bioinformatics analyses. 

6.2 Clinical applications 

This ML analysis has led to the discovery of predictive, reproducible, and robust drug 

response signatures, facilitating the prediction of treatment responses in cancer patients. 

These signatures outperformed single biomarkers currently used in clinical practice, which 

are often insufficient to stratify patient outcomes. Integrating ML into clinical practice has 

the potential to improve decision-making and enhance care efficiency.  These models could 

assist clinicians in identifying patients most likely to benefit from treatment in order to 

propose suitable drugs without delay while minimising unnecessary exposure to ineffective 

therapies and reducing the risk of life-threatening side effects for patients unlike to respond. 

In such a prospective clinical trial, each patient would only need to be profiled for specific 

signatures before treatment, which would reduce both the time and cost associated with 

determining the full profile.  Furthermore, this study provides proof of concept and serves as 

a starting point for future research into the mechanisms of drug resistance, offering insights 

that could guide the development of novel therapeutic strategies.  

We have made our ML models and processed datasets publicly available for prospective 

validation on patients with the same drug-cancer types. The taxane-anthracycline-BC model 

will be released upon publication: 

• Atezolizumab-mUC: https://codeocean.com/capsule/4702686/tree 

• Doxorubicin-BC: https://github.com/adeolu1/BRCA_CART_model 

• Gemcitabine-PAAD: https://github.com/chayanitpiy/gemcitabine_PAAD 
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However, when evaluating the performance of predictive models for cancer drug response, it 

is essential to consider the clinical implications of false positives and false negatives. A false 

positive occurs when the model incorrectly predicts a patient will respond to a drug when, 

in reality, they do not. Clinically, this can lead to unnecessary treatment with a potentially 

ineffective drug, exposing the patient to side effects and delaying the administration of an 

alternative, more effective treatment. This scenario can be especially problematic in cases 

where treatment toxicity is a concern, such as with certain chemotherapy drugs or 

immunotherapies, which may have severe adverse effects. 

On the other hand, a false negative happens when the model fails to predict a response in a 

patient who would have actually benefited from the drug. This is often considered more 

damaging, as it might result in the patient being deprived of a potentially life-saving 

treatment. In oncology, where treatment options are often limited and the prognosis can be 

poor, withholding a beneficial drug can significantly impact the patient's survival or quality 

of life. 

In the context of cancer drug response prediction, minimising false negatives is typically 

prioritized to ensure that patients who could benefit from a treatment are not wrongly 

excluded from it. However, the trade-off between false positives and false negatives should 

be carefully considered in light of the clinical context. For example, in the case of drugs with 

low toxicity and high potential benefit, a higher rate of false positives may be acceptable. 

Conversely, for high-risk treatments with severe side effects, the consequences of a false 

positive may need to be weighed more carefully. Thus, the clinical utility of a model depends 

not only on traditional performance metrics e.g., MCC but also on the balance between false 

positives and false negatives, which should be tailored to the specific drug, cancer type, and 

patient population. 

6.3 Limitations of the study 

Although the best-performing models have shown predictive and robust performance, there 

are some limitations to be considered in this study. The analysis was based only on in silico 

and retrospective data from publicly available sources, which included a limited number of 

patients. A larger curated dataset should be further utilised to further improve model 

performance. In addition, an independent cohort would further test the generalisability of 

the best-performing model, i.e., whether this can stratify patients with different 

characteristics and account for technical variations (e.g., sample preparation, sequencing 

procedures, and bioinformatics pipelines). Furthermore, experimental validation (e.g., in 

vitro, in vivo experiments and clinical trials) is required to confirm the bioinformatics 

findings and to investigate the functional roles of predictive signatures in drug resistance and 

cancer progression. 

6.4 Future works 

The predictive model developed in this thesis for assessing drug response in cancer patients 

represents a significant step forward in personalised cancer therapy. Building upon these 
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promising results, this section outlines future research directions to enhance the model's 

accuracy, reliability, and clinical applicability. 

• Prospective clinical validation 

Although the current model has been validated retrospectively using publicly 

available large-scale, multi-omics cancer datasets, prospective validation through 

clinical trials is crucial to confirm its predictive power in real-world settings. Future 

studies should aim to implement the model in clinical workflows, enrolling patients 

prospectively to assess its utility in guiding treatment decisions. Collaborating with 

multiple institutions and research centres would facilitate access to larger, more 

diverse patient populations, which would enable the collection of heterogeneous data 

across different demographics, tumour types, and healthcare settings, thereby further 

refining the model’s predictive ability, and enhancing the model's generalizability and 

robustness.  

• Integration of multi-omics data 

To achieve a more holistic understanding of cancer, future research should consider 

integrating multi-omics data sources. While gene expression data is the most widely 

used for predicting drug response, other omics, such as proteomics, transcriptomics, 

methylomics, histone post-translational modifications, and microbiomics also shape 

host responses to cancers. The multi-omics integration approach provides deeper 

insights into disease aetiology, where data from a single-omics cannot capture the 
complexity of all factors associated with disease[376]. Integrative models for 

predicting drug sensitivity have become a cornerstone of cancer research, with multi-

omics ML and DL methods being increasingly proposed[377]–[380]. For instance, 

Sharifi-Noghabi et al.[380] developed the multi-omics with DNN model that 

integrates SNVs, CNVs and gene expression profiles for drug response prediction. 

However, molecular data, such as methylation profiles, are often high-dimensional 

(e.g., 450,000 features) while sample sizes remain limited. This can lead to overfitting 

and challenges in integrating multi-omics data. Moreover, the limited interpretability 

of DNNs poses challenges to their clinical applicability. Addressing the complexity and 

scale of such datasets requires advanced computational tools. Thus, future efforts 

should focus on developing integrative bioinformatics pipelines and ML algorithms 

capable of handling such high-dimensional data for accurate and meaningful 

interpretations. 

• Exploration of drug combinations 

A major challenge in cancer research and treatment is the ability of cancer cells to 

adapt, evolve, and develop resistance to drugs. It is expected that the future of cancer 

therapy will involve combining treatments to overcome this resistance. However, 

current knowledge of drug combinations in cancer patients remains limited due to 

the significant cost and time required to test all possible drug combinations. In this 



113 
 

context, ML methods offer a promising approach to addressing drug resistance and 

improving therapeutic efficacy. In recent years, various research initiatives have 

produced extensive databases on combinatorial drug therapy, such as DrugCombDB, 

SYNERGxDB, and NCI-ALMANAC, which facilitate the discovery of personalised, 

multitargeted drug combinations. These advancements present new opportunities 

for the application of large-scale ML methods in predicting effective drug 

combinations. Numerous studies from both academic and industry sectors have 

explored the prediction of combination therapies, achieving high predictive 

performance, as reviewed elsewhere[381], [382]. 

• Utilisation of single-cell RNA sequencing technologies 

Single-cell RNA sequencing (scRNA-seq) enables the high-throughput 

characterisation of thousands of cells at the transcriptome level, making it a powerful 

tool for studying cellular components and their interactions within the TME. This 

technology has been applied to uncover associations between TME patterns and 

clinical outcomes and to investigate cell-specific drug responses in complex tissues. 

Recent advancements, such as scDRUG[383], [384], scDEAL[385], beyondCell[385], 

chemCPA[386], DREEP[387], and NCI-DOE[388], leverage scRNA-seq data and 

publicly available drug sensitivity profiles to predict drug response at the single-cell 

level. Despite its ability to address cellular heterogeneity, scRNA-seq faces challenges, 

including high cost, and technical complexity of large, high-dimensional datasets; the 

copious number of cells increases the dimensionality and scale of the data, 

highlighting the need for advanced computational methods to effectively process and 

interpret the data, ensuring its utility in clinical and research applications. 

In conclusion, pursuing these research directions brings the field closer to personalised 

cancer treatment. The integration of prospective clinical validation, multi-omics data, drug 

combination strategies, and single-cell analyses holds significant promise for improving 

patient outcomes and quality of life. This framework not only expands the utility of current 

models but also encourages a broader exploration of integrated, patient-specific cancer 

treatment approaches. It also highlights the importance of interdisciplinary collaboration, 

technological innovation, and a patient-centred approach in in driving progress in cancer 

therapy. 
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Abstract

A central goal of precision oncology is to administer an optimal drug treatment to each cancer patient. A common preclinical
approach to tackle this problem has been to characterize the tumors of patients at the molecular and drug response levels,
and employ the resulting datasets for predictive in silico modeling (mostly using machine learning). Understanding how and
why the different variants of these datasets are generated is an important component of this process. This review focuses
on providing such introduction aimed at scientists with little previous exposure to this research area.

Key words: pharmacogenomic modeling; precision oncology; phenotypic screening; molecular profiling; machine
learningdrug response

Introduction
Cancer is a group of diseases characterized by abnormal cell
growth initiated in a tissue and with the potential of spreading
to other organs. Patients with the same cancer type can respond
very differently to the same drug treatment. Part of the reason
for this interpatient variability is the heterogeneity of tumors
across patients, which has been extensively documented [1].
This finding gave rise to cancer pharmacogenomics, a research
field intended to predict how the response of cancer patients to
a given drug treatment is affected by the genomic characteristics
of their tumors. With the application of further omics technolo-
gies to profile tumors at the molecular level, this field is today
more accurately referred to as cancer pharmaco-omics.

Although cancer pharmaco-omic data sharing has been
scarce at the clinical level [2, 3], this has not been the case at
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the preclinical level. Figure 1 illustrates how these preclinical
datasets are commonly generated. A particularly promising
research area is the application of machine learning (ML) to
infer how drugs affect tumors from their molecular profiles, as
this has distinct advantages over classical approaches [4, 5].

A key prerequisite for those investigating the application of
ML to this problem is acquiring a minimum understanding of
these preclinical datasets. This is not only important to integrate
such heterogeneous datasets, but also to get a notion of data
uncertainties and facilitate communication in collaborations
between ML and domain experts, or simply inducing research
trainees to this problem. However, we are not aware of any entry-
level introduction to understanding these datasets. This review
aims at filling this gap. Thus, concomitant topics such as the
prior bioinformatics analysis of tumor profiles [6, 7] or posterior
predictive modeling [5, 8] are out of the scope.
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Figure 1. Sketch of the generation of preclinical pharmaco-omic data from a patient’s tumor. Several databases sharing this type of datasets are publicly available. Due

to space constraints, only the largest databases releasing data from tumor response to monotherapy are shown. Some databases report the molecular profile of the

tumor model rather than that of the tumor itself (e.g. CCLE determined the somatic mutations of each cell line, not those in the tumor from which the cell line was

established). This has the advantage of growing more tumor for profiling at the cost of representing the human tumor less accurately. It is noteworthy that not all types

of molecular profiles are determined in each database.

Experimental models of cancer tumors
To mimic some aspects of human cancer tumors, tumor models
are usually employed for experimentation. Here, we provide a
brief essential introduction to commonly used preclinical cancer
models.

Tumor samples

Tumor biopsies freshly extracted are the best option to observe
the characteristics of patient tumors. When it is not viable,
storage of these samples for further analyses such as molec-
ular profiling is the norm. The most common way is to store
the biobanked biopsies as a fresh-frozen (FF) or formalin-fixed
paraffin-embedded (FFPE) tissue. Compared with FFPE, FF tis-
sues are more suitable for keeping the genomic, proteomic and
transcriptomic properties unaltered. Therefore, FF tissues are
preferred for molecular profiling techniques such as mass spec-
trometry [9], quantitative polymerase chain reaction (PCR) [10],
next-generation sequencing (NGS) [11] or western blot [12].

On the other hand, FFPE tissues are more practical than
FF tissues because they can be stored at room temperature.
However, FFPE processing is more time consuming, requiring
many steps. In addition, some macromolecules can be denatured
due to the acidic conditions of unbuffered formaldehyde solu-
tions and formaldehyde cross-linking [13], a process required
for immunostaining and histology studies for which FFPE is
particularly suitable [14–16]. Therefore, FFPE tissues may not
always be suitable for molecular analysis. Despite these diffi-
culties, many studies have successfully generated the genomic
[17–20], transcriptomic [21, 22] and epigenomic profiles [23–25]
from nucleic acids isolated from FFPE tissues with comparable
results with those extracted from FF tissues. Until recently, bulk
analysis of tumor samples has been the norm, which measures
average properties of the sample (e.g. the average expression
of a gene across cells in the sample). Single-cell analysis of
tumor samples, i.e. analyzing each cell in the sample individually
at the considered omic level, is becoming increasingly more
common, as a powerful approach to study tumor heterogene-
ity with applications to precision medicine and target therapy
[26]. For analyses at single-cell resolution heeding intratumoral
heterogeneity, protocols on frozen samples are still to be opti-
mized when working on fresh samples is not possible [27]. Other
types of samples can be single-cell analyzed, for instance, those
containing circulating tumor cells [28].

In vitro tumor models

Cancer cell lines are established from primary cultures by trans-
forming them into cells able to continuously grow in vitro via a

process called immortalization [29]. Alternatively, noncancerous
cell lines, which acquire some cancer hallmarks [30], such as
cells that underwent the epithelial to mesenchymal transition
process, can also be used. One of their limitations is the geno-
typic and phenotypic variation during passages leading to dif-
ferences between the cell line and the original tumor [31]. These
issues are not present in primary cell cultures, which are derived
directly from the patient tumor closely representing its origin
(i.e. without any genetic manipulation to immortalize them).
However, gene editing is more difficult to succeed in primary
cell cultures than in immortalized ones. In addition, primary cell
cultures have limited lifespan and undergo senescence, special
mediums or growth factors are required and culture conditions
need to be optimized [32].

Slight variations of the same tumor model have been
systematically generated to investigate the impact of each
variation on a phenotype. Here the variation is blocking the
expression of the targeted gene and the phenotype is the
response to the considered drug. Two approaches to such
gene silencing have been applied so far: RNA interference
(RNAi) and Clustered Regularly Interspaced Short Palindromic
Repeats (CRISPR)-based loss-of-function manipulations in a
large number of cell lines. RNAi uses pooled short-hairpin RNA
to knockdown the intended RNA target in the cell line (off-target
effects is the major challenge of this approach [33]). Instead of
generating knockdowns at the messenger RNA (mRNA) level,
CRISPR silences genes by generating knockouts at the DNA level.
CRISPR-Cas9 gene editing system combined with single-guide
RNAs (sgRNAs) are hence designed to introduce a frameshift
mutation in the targeted gene. Compared with RNAi, CRISPR
has higher screening sensitivity across cell lines, lower noise,
minimal off-target effects and higher data reproducibility [34].
RNAi and CRISPR-based screening from the Achilles project
with 74 661 sgRNAs targeting 18 119 genes in cancer cell lines
are available on the Cancer Dependency Map (DepMap) portal
[35–37].

Similar to cell lines, primary cell cultures lack tumor
microenvironment and a three-dimensional (3D) structure [38].
In contrast, organoids are 3D in vitro cultures of primary cancer
cells derived from tumor samples, which have also been used to
assess treatment response [39–43]. Organoids can be generated
via mechanical digestion of human tumor biopsies followed
by in vitro growth, or via directed differentiation of embryonic
stem cells or pluripotent stem cells to form bodies in 3D culture
[44, 45]. Limitations include that organoids typically contain
only epithelial layers without tumor microenvironment, the
extracellular matrix Matrigel may disrupt drug penetration, as
well as the costly enriched growth factors in culture medium
may affect drug sensitivity [46, 47].
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In vitro tumor models have the advantage of being amenable
to high-throughput perturbation studies (currently, this means
hundreds of drug molecules tested on over a thousand cell lines).
We will later see that these large datasets permit building ML
models able to predict the response of unseen cell lines and
molecules (i.e. those data instances that were not employed for
training these models).

In vivo tumor models

Animals bearing tumors, as cancer models, can better mimic
the molecular diversity, cellular heterogeneity and histology
of patient tumors, and thus capture to a better extent the
tumor pathology, growth, metastasis and disease outcomes
[48]. Several types of animals have been used as models of
human tumors such as fly, worm, mouse, rat, rabbit, dog,
cat and zebrafish [49, 50]. Mice have several advantages
over other animal models such as size, inexpensive mainte-
nance, short gestation period with numerous offspring and
easy-to-manipulate gene expression [51, 52]. Patient-derived
xenograft (PDX) models are the most common model for
tumorigenicity testing, metastatic ability and drug testing
[53–55]. PDXs are developed through patient primary tumor
inoculations into immunocompromised mice. Xenografted
tumors return the human histopathological and genetic
characteristics and provide an important support for tumor
expansion and drug treatment studies [48, 56]. Tumors can
be injected in mice by several routes including subcuta-
neous (under the skin), intraperitoneal (into the abdomen
cavity), intracranial (within the skull), intrasplenic (into the
spleen), renal subcapsule (into the kidney) and site-specific
organ (orthotopic) inoculations. Each inoculation site sets an
environment that determines the way the tumor will grow
and how much of the unaltered drug dose will reach tumor
cells. The latter is also determined by the chosen route of
drug administration. Consequently, drug response must be
affected by these factors. For example, tumor response to
misonidazole has been reported to change with inoculation
site [57]. Modeling PDX data without taking into account these
differences is likely to lead to analogous inconsistencies as those
observed when modeling in vitro data coming from different
types of assays [58], which will be later discussed in this
review.

Limitations of PDX models are the lack of human stroma–
tumor interactions, compromised immune system of the mice,
slower tumor growth compared with in vitro cell lines and shorter
cancer doubling time than the original growth in humans
[59]. Thus, it does not fully represent the behavior of cancer
in patients. In addition, not all cancer types can be easily
engrafted in an animal model. Although the success rate of
colorectal cancer models is over 75%, melanoma models are
harder to establish (about 28% success rate). The successful
engraftment rate varies depending on type of cancer cells, tumor
microenvironment and the location of transplantation [54, 55,
60, 61]. Metastatic tumor, high stage and histological grade
tend to be successfully transplanted in PDXs. Tumor size and
treatment status should be taken into consideration to improve
engraftment rate [62]. A further drawback of PDX models is
their lower-throughput for perturbation studies than in vitro
models due to ethical, technical and financial reasons (they are
performed in animals, grow slower and are more expensive,
respectively). However, for the same drug, PDX response is
widely regarded as more relevant of patient response than in

vitro response, despite criticisms [63, 64] and in vitro success
stories [65].

Multi-omics tumor profiles
A tumor sample giving rise to a cancer model can be molecularly
profiled at different omics levels (e.g. genomic or transcrip-
tomic). The suffix omic refers to large-scale profiling generating
data that represents an entire set of some kind (e.g. transcrip-
tomic refers to large-scale characterization of the types and
numbers of RNA molecules in a sample). Multi-omics tumor pro-
files refer to the generation of multiple large-scale profiles per
sample. Omics profiling has largely replaced techniques profil-
ing at a smaller scale [e.g. fluorescent in situ hybridization (FISH),
Sanger sequencing or blotting] to characterize tumors. There-
fore, this review focuses on omics profiling technologies, which
have been mostly based on microarrays and NGS (Figure 2).
Microarrays require hybridization probes or antibodies that need
to be previously determined; thus, they do not allow the iden-
tification of new variants of molecules (e.g. a mutated RNA
molecule). In contrast, NGS is able to detect new variants, but
may bring difficulties in interpreting the effects of those modi-
fications on the phenotype. NGS-based profiling is more recent
and of widespread use nowadays. NGS also requires more bioin-
formatics resources, faster data processing and larger data stor-
age, which can be costly (Table 1). The primary analysis of these
molecular profiles has been reviewed elsewhere [6, 7]. This sec-
tion overviews molecular profiles typically used as tumor fea-
tures in ML models to predict cancer drug response.

Genomic profiling

Genomic profiling provides the DNA sequence of a tumor sample
at single-base-pair resolution. Somatic mutations can be identi-
fied by comparing this DNA sequence with that in a reference
genome. These mutations include single-nucleotide polymor-
phisms (SNPs) in sequences of gene and regulatory regions,
changes in the number of copies for each gene (copy number
variation) or chromosomal rearrangements such as transloca-
tion or inversion.

Hybridization-based techniques for genomic profiling
include FISH, comparative genomic hybridization (CGH) and
DNA microarray [66, 67]. FISH uses fluorescently labeled probes
to detect and locate the position of a specific DNA sequence
in the genome. Similarly, CGH is used to detect unbalanced
copy number changes at the whole-genome level, allowing the
identification of new genes that are up- or down-regulated in
cancer. Nevertheless, the resolution might be increased using
CGH compared with FISH, which is limited to the resolution of
the used microscopy [68–71]. In contrast, the millions of probes
in a microarray detect thousands of genes and transcripts in
the sample. Whole-genome expression arrays (e.g. hg-u133 plus
2.0 microarrays) are useful for the analysis of gene expression
profile and copy number variations. In addition, SNP arrays (e.g.
Affymetrix SNP 6.0) are used to identify the copy number of
variants or the concordance between cell lines [72–74].

Following the emergence of NGS technologies, whole-
genome sequencing (WGS) and whole-exome sequencing
(WES) have become predominant. WGS sequences the entire
human genome, both coding and noncoding regions. Then,
comparing the obtained sequences to external DNA references
or comparing cancer to healthy cells within the individual
can reveal putative somatic mutations and gene fusions [75–
77]. WGS has been used to collect large amounts of genomic
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4 Piyawajanusorn et al.

Figure 2. Sketch of most common technologies for molecular profiling of tumor cells for pharmaco-omic modeling purposes.

information across cancer types, which improved knowledge
in cancer research overtime including breast cancer [78,
79], neuroblastoma [80], prostate cancer [75] and pediatric
medulloblastoma [81]. On the other hand, WES only sequences
the coding regions of the sample, which has been useful
in detecting both germline and somatic variants, especially
identifying the somatic driver mutations within the exomes
of various cancers. The cost of WES is cheaper than WGS as
WES sequences only about 1% of the genome, but WGS has
been increasingly used owing to the continuous decrease in
price difference. Several studies applied WES to characterize
the genomic aberrations of both cancer cell lines [82] and PDX
models [83]. Although most functional regions associated with
the disease have so far been found in the coding sequence
of genes, identifying noncoding regions of the DNA have the
potential to expand our knowledge of genotype–phenotype
relationships, which is a very attractive prospect.

Transcriptomic profiling

Transcriptomics is the large-scale study of RNA molecules using
high-throughput techniques [84, 85]. Although microarrays
detect genes of interest by employing probes previously
designed to target them, RNA sequencing (RNA-seq) is a
more recent technology that sequences all transcripts from a
biological sample, which allows analyzing the expression level
of protein-coding and nonprotein-coding genes across the entire
genome [86]. This broader coverage of gene expression also adds
to the cost. With sufficient sequencing depth, this technique
is used to detect and quantify fusion transcripts or alternative
spicing, which can be related to various phenotypes including
treatment response [87–89]. Furthermore, the combination of
genomic and transcriptomic profiling can help drug response
studies. For instance, a clinical trial employed WGS, WES

and RNA-seq on gastric cancer patient samples to show that
C10orf71 mutations and MYC amplification were correlated
with neoadjuvant chemotherapy resistance and sensitivity,
respectively [90].

To focus on coding regions, WES requires exome-enrichment
steps before the genomic DNA can be sequenced, thereby adding
substantially to WES cost. To further optimize the cost effective-
ness of variant detection within coding regions, RNA-seq has
been considered as a potential substitute for WES [91]. Because
the transcriptome from a tissue or group of cells represents a
subset of the exome, only the variants in the expressed genes
or transcripts can be detected by RNA-seq. Unlike WES, where
the major application is variant detection, RNA-seq is useful in
determining the global expression profile of a specific cell or
tissue, especially under two different conditions (e.g. drug sensi-
tive versus drug resistant). The resulting differentially expressed
genes across the two conditions can then be used for a range of
purposes. Thus, the choice of which technology to adopt largely
depends on the research question [92].

Epigenomic profiling

Epigenetic alterations modify the chemical structure of DNA,
leading to transcriptional activity modulation. These alterations
include the methylation of CpG islands (CGIs) in promoter
regions, histone modifications, chromatin remodeling and
noncoding RNA molecules (e.g. microRNA), which can be
potential markers of cancer development and progression [93].
Several technologies are used to detect epigenetic alterations
including methylation microarray methods as well as chro-
matin immunoprecipitation-based microarray and sequencing
methods [94].

At the DNA level, DNA hypermethylation is arguably the
most studied epigenetic alteration in cancer [95]. Methylated

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/22/6/bbab312/6343527 by Im

perial C
ollege of Science Technology and M

edicine user on 27 N
ovem

ber 2024



Preclinical data for cancer pharmaco-omic modeling 5

Table 1. Summary of multi-omics tumor profiling techniques and their application in pharmaco-omics studies

Technologies Scale Advantages Limitations Examples of application Ref.

FISH Whole
genome

Able to detect and locate
the position of specific
DNA sequence in the
genome, examining
chromosome
abnormalities and gene
mutation

Limited to the resolution
of the used microscopy

The impact of EML4-ALK
gene rearrangement on
the response to tyrosine
kinase inhibitors

[169]

CGH Whole
genome

Able to detect unbalanced
copy number changes at
the whole-genome level

The detection limits
decrease with a smaller
aberration size (in bases),
smaller aberration
amplitude (copy number)

Analyze targeted genomic
regions associated with
chronic lymphocytic
leukemia to facilitate the
determinations of the
relationship between
therapeutic options and
genomic aberrations

[170]

DNA
microarray

Whole
genome

Analysis of gene
expression profile and
able to detect mutations,
CNVs or polymorphisms
in DNA sequences

Not able to identify new
variants due to
hybridization probes need
to be previously
determined, high
background level due to
cross-hybridization

Monitor the expression
profiles of human breast
cancer MCF-7 cells that
are either transiently
treated with doxorubicin
or doxorubicin resistance

[171]

WGS Whole
genome

Able to identify SNPs,
INDELs, chromosomal
aberration and CNVs in
the coding and noncoding
region of the genome

Cost, large volume of data
and complex to interpret
the data, equipment and
labor intensive

Identify gene variants
associated with clopidigel
resistance and positive
response to lipid-lowering
therapy.
Identify rare variants that
may be very important in
the genomic contribution
to treatment response
and toxicity

[172, 173]

WES Whole
exome

Able to identify SNPs,
INDELs, chromosomal
aberration and CNVs in
the coding region of the
genome, quicker
sequencing and data
analysis compared with
WGS, cost effective

Unable to detect
noncoding region,
equipment and labor
intensive

CCLE have provided
genetic variants to
improve understanding of
the molecular features
that contribute to cancer
phenotypes, including
drug responses

[174]

Expression
microarray

Transcribed
region of
genome

High sample throughput
for analysis of known
genes and transcripts
relies on hybridization

Inability to detect novel
transcripts, required
previously designed
probes to target transcript
of interest, high variance
for low-expressed genes,
cross-hybridization

Differential expression of
genes that were
associated with drug
response and treatment
outcome in B-lineage ALL

[85]

RNA-seq Transcribed
region of
genome

Quantify the amount of
transcripts and detect
novel transcripts,
protein-coding and
nonprotein-coding genes
with low level of
expression, alternative
spicing detected if aligned
to genome

Sensitivity limited to
transcribed genome, high
cost compared with
expression microarray,
and required high-power
computer facilities

Characterized molecular
signatures for therapy
guidance that can arise
from gene expression
investigation with
RNA-seq

[175]

Methylation
microarray

DNA
methyla-
tions

Able to measure
5-methylcytocine at
individual CpG locus in
the genome, cost and time
effectiveness

Required previously
designed probes, cross
reactive probes

Predicting drug sensitivity
of cancer cells based on
DNA methylation levels

[176]

Continued
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6 Piyawajanusorn et al.

Table 1. Continued

Technologies Scale Advantages Limitations Examples of application Ref.

ChIP-chip Histone
modifica-
tions

Map the entire spectrum
of the DNA sequences
occupied by specific
DNA-binding protein
across the whole genome
on microarray, quantify
the specific DNA
sequences where proteins
bind and detect where
epigenetic modification is

The quantification
depends on the
hybridization efficiency of
the ChIP DNA molecules
to the probes on the array,
coverage limited by probe
on array, multiple arrays
may be needed for large
genomes, and
cross-hybridization

Identify histone
modification markers in
gastric cancer and
determine whether these
markers were able to
discriminate between
normal can gastric cancer
cells

[177]

ChIP-seq Histone
modifica-
tions

Map the entire spectrum
of the DNA sequences
occupied by specific
DNA-binding protein
across the whole genome
by sequencing, quantify
the specific DNA
sequences where proteins
bind and detect where
epigenetic modification is,
ChIP-seq does not require
preselection of genomic
regions

Limited by align ability of
reads to the genome,
complex data analysis

Prediction drug
response-related
epigenetic phenotypes in
chronic lymphoblastic
leukemia

[178]

Protein
microarray

Proteome Measure the expression of
protein on array, detection
of phosphoproteins
possible

Only possible to detect
known target, limited by
availability of antibody,
cross reactivity

Proteomic profiling of the
NCI-60 cancer cell lines
using new high-density
reverse-phase lysate
microarrays

[179]

Mass
spectrometry-
based
techniques

Proteome Able to quantify protein
expression difference,
using small amount of
sample (1 μg), detection of
novel protein possible

Cost, require combination
mass spectrometry with
other techniques, such as
chromatographic
techniques, equipment
and labor intensive

Measuring quantity of
drug target in cancer to
improves drug sensitivity
prediction

[180]

Notes: FISH, fluorescent in situ hybridization; CGH, comparative genomic hybridization; CNVs, copy number variants; SNPs, single-nucleotide polymorphisms; WGS,
whole-genome sequencing; INDELs, insertions and deletions; WES, whole-exome sequencing; ALL, acute lymphocytic leukemia; RNA-seq, RNA sequencing; ChIP-ChIP,
chromatin immunoprecipitation with DNA microarray; ChIP-seq, chromatin immunoprecipitation with sequencing.

cytosines at CpG sites can change gene expression patterns
affecting embryonic development, cellular proliferation, dif-
ferentiation and chromosome stability [96]. DNA methyla-
tion profiling can be detected by converting unmethylated
cytosines to uracil using bisulfite, whereas 5-methycytosines
remain unchanged. This distinguishes between methylated
and unmethylated cytosines [97]. Methylation microarrays
are designed for the hybridization of bisulfite-converted
DNAs with high numbers of predesigned probes providing
quantitative methylation measurement of a large number
of CGIs [98]. Illumina’s Infinium Human Methylation 450
(HM450K) BeadChip targeting over 450 000 methylation sites
that cover 96% of the CGIs has been used to profile can-
cer methylomes over 8000 samples of 33 cancer types in
The Cancer Genomic Atlas through the US National Cancer
Institute (NCI) Genomic Data Commons public resource
[99].

At the chromatin level, histone modification patterns have
been used for the prognosis prediction of various types of can-
cer [100]. Histone modification profiles in cancer cells can be
determined by chromatin immunoprecipitation (ChIP) that uses
specific antibodies to identify proteins bound to a DNA region of
interest. Two of the most common approaches for ChIPed DNA

analysis are based sequencing (ChIP-seq) and microarray (ChIP-
chip) [101]. ChIP-seq has become the gold standard to study
histone modifications. ChIP-seq produces profiles with higher
resolution and genomic coverage, allowing higher sensitivity
and specificity than ChIP-chip, whose resolution is limited by
probes on the array. Furthermore, ChIP-seq improves signal-to-
noise ratios and is less expensive [102, 103]. The ChIP technolo-
gies were applied to analyzed histone modification of H3K4me3
(considered as a transcriptional activator) and H3K27me3 (a
transcriptional silencer) in breast cancer [104, 105], glioblas-
toma [106], prostate cancer [107] and ovarian cancer [108]. The
use of ChIP technologies was also fruitful in pharmaco-omics
modeling. For instance, a recent study applied multi-omic ML
approach on omics-data including ChIP-seq to reveal the mode
of action of drugs in Huntingtin disease models [109]. Another
study combined ChIP-seq-based profiling with high-throughput
drug screening to identify resistance mechanism to ibrutinib in
mantle cell lymphoma [110].

Proteomic profiling

Genomic and transcriptomic profiling provide abundant infor-
mation about genes and transcripts in cancer cells. However,
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Preclinical data for cancer pharmaco-omic modeling 7

they cannot fully represent the physiological state of the cells,
because they do not capture the abundance of each protein
directly participating in cellular processes. Indeed, several stud-
ies have reported a discordance between the transcriptomic and
proteomic profiles of a cell, due to the posttranscriptional and
posttranslational modifications, protein half-lives and other reg-
ulatory factors [111]. Therefore, proteomic profiling permits the
downstream analysis of alterations at genomic, transcriptomic
and/or epigenetic levels. Conversely, there are many functional
RNA molecules beyond mRNAs, which are therefore not cap-
tured by proteomic profiles and evidence their complementarity
with upstream omics profiles [112].

Mass spectrometry-based sequencing is an exploratory tool
to study the entire proteome and to relate it to cancer progres-
sion as well as drug response [113, 114]. The proteomic analysis
generally consists of two steps: separation of proteins followed
by their identification. During this approach, the protein mixture
from cancer cell lysate is separated by protein feature using
polyacrylamide gel electrophoresis (PAGE) and isoelectric focus-
ing (IEF), which is the basis for two-dimensional polyacrylamide
gel electrophoresis (2D-PAGE) according to mass and isoelec-
tric point. A modified version of 2D-PAGE, the 2D difference
gel electrophoresis, uses different fluorescent dyes labeling 2–
3 samples on the same 2D gel. This minimizes spot pattern
variability and the number of gels in an experiment, providing
higher sensitivity, reproducibility and accurate quantification of
protein expression differences. Then, each protein is identified
by mass spectrometry-based technologies [114].

Another approach of proteomic profiling is the use of protein
microarrays, which can measure the expression of thousands of
proteins to detect protein biomarkers that related to cancer pro-
gression. Nishizuka et al. [115] analyzed the proteomic profiles
of 60 cancer cell lines of the NCI panel using the reverse-phase
protein array (RPPA). Ma et al. [116] integrated these datasets with
drug sensitivity to predict drug response on cell lines.

Bulk versus single-cell profiling

So far, this section has only addressed molecular profiles carried
out on the bulk of the tumor (i.e. all cells in the sample together).
This is because we are not aware of any cancer pharmaco-
omics database including single-cell molecular profiles. Despite
their higher cost per tumor, large-scale single-cell profiles are
likely to become publicly available in the future, given their
distinct advantages for pharmaco-omic modeling. For example,
exploiting single-cell RNA-seq data with ML has enabled the sys-
tematic identification of patient-customized drug combinations
[117]. This has the additional advantage of revealing whether the
combination also inhibits the patient’s own nonmalignant cells
as a proxy for treatment toxicity.

Drug-sensitivity profiling of tumors
High-throughput phenotypic screens evaluating drug sen-
sitivity for drug design and precision oncology purposes
have boomed in recent years. Drug-sensitivity profiles are
typically performed on cancer cell lines. Each cell line is tested
against a panel of molecules to assess their sensitivity or
resistance profile in vitro. Furthermore, medium-throughput
screens with in vivo assessment of drugs in appropriate
animal models are starting to be released. Several methods
are available to measure drug sensitivity, such as in vitro
cellular enzymes-based assays, nucleic and protein assays,
adenosine triphosphate (ATP) assays, the Profiling Relative

Inhibition Simultaneously in Mixtures (PRISM) assays, and
in vivo tumor growth and survival assays in PDX models
(Figure 3). Here, we overview in vitro and in vivo drug test-
ing methods used to establish drug-sensitivity profile of
tumors. The advantage and disadvantages of each assay are
discussed and planning strategies of drug testing are also
included.

In vitro and ex vivo drug testing

Drug sensitivity testing has been used to investigate biological
effects related to drug response and toxicity. Cultured cells are
treated with a molecule, or combination of molecules followed,
by determining how the treatment has changed the number
of viable cells after typically 3 days. To generate reproducible
and useful drug response data and minimize experimental vari-
ability, biological and technical factors should be optimized.
Indeed, biological factors, such as cell type, cell density, incu-
bation time, culture media (e.g. media type and contents), can
affect cell proliferation rate. The culture media should be con-
stant throughout the study and the standard culture condition
is also provided by American Type Culture Condition or European
Collection of Cell Cultures. Cell density should be optimized
to avoid slow proliferation due to contact inhibition and nutri-
ent limitation. In addition, cell growth rate varies in different
cell types. This issue can be improved by determining time-
dependent growth rate inhibition [118]. There are also technical
factors, such as the concentration, incubation time and sensitiv-
ity assay, employed for measuring the activity of the molecule
on the cell culture phenotype. For example, to measure drug
sensitivity accurately, the drug concentration range has to be
chosen to overlap with the dose–response curve of the drug-cell
line pair, at least for the most sensitive cell lines to the drug
(this can be hard as the drug concentration at which a response
is observed is not known before hand). In cell lines where the
dose–response curve is outside the range of tested drug con-
centrations, the half-maximal inhibitory concentration of the
drug (IC50) will be extrapolated instead of interpolated. Hence,
such IC50 value will not be a good summary of the true dose–
response curve. IC50 values typically vary from pM to μM range
depending on the drug, cell line and experimental conditions.
Testing with a 10-fold drug concentration range is desirable [119,
120].

In addition to IC50, there are others metrics available to rep-
resent the measured response of cell lines to a given molecule,
including the half-maximal effective concentration (EC50) [121],
maximal effect level (Amax) [121], the area under the fitted dose–
response curve [122] or drug sensitivity scoring [117]. The role
of such metrics in improving replicability and reproducibility of
cancer drug sensitivity screens has been discussed elsewhere
[119]. Any of these metrics can be used as the dependent variable
for pharmaco-omic regression models. Alternatively, to build
binary classification models, each cell line can be assigned either
a resistant or sensitive label by applying a meaningful threshold
on the metric values.

Cell cultures are commonly used in these screens, mostly in
2D, where cells grow as a monolayer in a culture flask or in flat
petri dish attached to a plastic surface [123]. However, the 2D cell
culture has several limitations overcome by 3D culture systems
such as organoids, as explained in experimental models section.
2D or 3D testing can be carried out on in vitro immortalized
cancer cell lines or ex vivo cell cultures generated from primary
tumor cells of the patients (i.e. without any genetic modifica-
tion). Drug testing in cancer cell lines can be classified into
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8 Piyawajanusorn et al.

Figure 3. Commonly used cancer models for drug sensitivity profiling. The assays used for ex vivo models are the same as those used for the in vitro models. PDXs are

by far the most common type in vivo model in cancer research, although there are exceptions [163].

four groups: cellular enzymes-based assays, nucleic and protein
assays, ATP assay and the PRISM assay. These are concisely
introduced in the next subsections.

Cellular enzyme-based assay

In most colorimetric cell viability assays, substrates are
converted to a colored product by enzymes present in viable
cells only, in a proportional way to the number of viable cells.
Colorimetric or fluorometric cell viability assays are used in
cancer drug sensitivity. The 3-(4,5-dimethylthiazol-2-yl)-2,5-
diphenyl-2H-tetrazolium bromide (MTT) assays are known
of being fast, reproducible, simple and homogeneous [124].
This method can underestimate the antiproliferating effect of
certain chemical compounds, and its requirements of multiple
washing steps may cause loss of less-adherent cells [125].
Other factors, like metabolic rate and number of mitochondria,

may also affect the results [125]. MTT is converted to purple-
colored formazan by oxidoreductase or dehydrogenases in
viable cells, which can then be then detected by spectropho-
tometer [126]. Other tetrazolium compounds, such as MTS
(3-(4,5-dimethylthiazol-2-yl)-5-(3-carboxymethoxyphenyl)-2-(4-
sulfophenyl)-2H-tetrazolium)) and XTT (2,3-Bis-(2-Methoxy-4-
Nitro-5-Sulfophenyl)-2H-Tetrazolium-5-Carboxanilide) can also
produce formazan in viable cells [127].

Nucleic acid and protein assay

Another common colorimetric assay is the Sulforhodamine B
(SRB) assay. The SRB is a pink aminoxanthine dye with two
sulfonic groups that bind to basic amino acid residues in proteins
of viable cells under mild acidic conditions [128]. This assay
has also been proved to be suitable for large-scale screening
and highly cost effective [129]. The intracellular SRB level is
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Preclinical data for cancer pharmaco-omic modeling 9

Table 2. Single-drug response data on in vitro cancer cell lines (CLs) and in vivo patient-derived xenografts (PDXs)

Datasets (assay) #drugs #models Assay #types Early modeling
studies/reviews

NCI-60 [141] 51 060 molecules with GI50s (∼3000 drugs) 60 CLs SRB assay 9 Shoemaker et al.
[141],
Ma et al. [116]

GDSC [181] 265 molecules with AUC and IC50 1001 CLs Syto 60, Resazurin 29 Menden et al. [182],
Ammad-ud-din et al.
[183]

CCLE [121] 24 molecules with AUC and IC50 1061 CLs CellTiter-Glo 22 Barretina et al. [121]
CTRP v2 [184] 481 molecules with AUC and IC50 823 CLs CellTiter-Glo 25 Rampášek et al. [185]
gCSI [144] 16 molecules with AUC and IC50 754 CLs CellTiter-Glo 23 Kurilov et al. [186]
DepMap [142] 4518 (1448 at eight concentrations) 578 CLs PRISM 24 Gerdes et al. [187]
NIBR-PDXE [83] 62 277 PDXs % tumor volume change 6 Nguyen et al. [188],

Kurilov et al. [186]
PDXFinder [145] 36 378 PDXs % tumor volume change 9 None so far

Notes: NCI-60 refers to IC50s as GI50s. Also note that a posterior version of GDSC released at https://www.cancerrxgene.org/, called GDSC2, employs the CellTiter-Glo
assay.

proportional to the number of viable cells. The SRB assay has
been used to test drug sensitivity in cancer cell lines [116, 130].
Another compound, SYTO 60, is a red fluorescent dye that binds
to nucleic acids of viable cells. Thus, fluorescence intensity is
proportional to the number of viable cells [131].

ATP-based assay

An important metabolic factor for cell viability assays is the level
of ATP production. Cancer cells produce low ATP after treat-
ment, leading to cell death. The CellTiter-Glo assay is a lumines-
cence cell viability assay that measures ATP with the luciferase
enzyme, which is able to oxidize luciferin in the presence of ATP
and Mg2+ to release light in a proportional way to the number
of viable cells [132]. This class of assays is known for their
short measurement time, thus providing rapid results, and is
highly sensitive. However, it is more expensive than other assays
such as MTT [133]. Besides, this type of assays often required
fixation and is not sensitive for nonadherent cells [124]. Other
limitations include ATP measurement not being directly linked
to cell viability and possibly leading to false positives when the
drugs affects cell metabolism. Heiser et al. [134] investigated the
viability of different breast cancer cell lines under the effect of
77 anticancer compounds using CellTiter-Glo assay. CellTiter-Glo
assay can also be used as drug testing assay in human cancer
organoid cultures to screen drug sensitivity [135]. Sachs et al.
[136] generated organoids derived from resection of 155 breast
cancer patients. Next, drug sensitivity was performed by using
CellTiter-Glo 3D assay. The treatment responses were compared
in the breast cancer organoids and the corresponding patients.
These authors found a high correlation between sensitivity to
tamoxifen in the breast cancer organoids and in the original
patients with metastatic breast cancer.

The PRISM assay

PRISM is a multiplex technology to measure the viability of hun-
dreds of cancer cell lines concurrently. Each cell line is labeled
with 24 base pair unique DNA barcode, allowing cell lines to
be pooled together according to doubling time. The pooled cells
are then treated with each drug separately. Following drug treat-
ment, cell lines are lysed and mRNAs are isolated and amplified

by PCR and detected using Luminex scanner. The quantity of
each barcode remaining after treatment measures the cell line
sensitivity to each compound [137]. PRISM is able to scale up drug
sensitivity measurements on cell lines at the cost of requiring a
complex protocol and being labor intensive.

In vivo drug testing

PDXs are arguably the most commonly used in vivo cancer model
to assess drug sensitivity. The drug effect is evaluated by measur-
ing the change in tumor volume, tumor weight and body weight
following drug treatment [138]. In particular, the tumor can be
measured by its length (the largest diameter: L) and its width
(the smallest diameter: l), then the estimated volume (V) will
be calculated according to standard geometrical formulas such
as V = (L∗l2)/2. Cancer progression under treatment also can be
accessed by measuring the time for the tumor to double its size,
called the tumor’s doubling time [83]. Moreover, progression-free
survival and overall survival are also considered when assessing
the sensitivity of PDXs against anticancer drugs, especially for
the types of cancer where the tumor volume is difficult to
measure, e.g. blood cancers [83, 139]. After a defined period of
treatment or until the tumor volume reaches a certain level, mice
are sacrificed and tumors are collected for subsequent analyses.
An example of the application of PDXs to drug response study is
by Garrido-Laguna et al. [140], who employed 69 PDX pancreatic
cancer models to predict the survival and response of patients
to gemcitabine from their corresponding PDXs.

Primary resources of cancer pharmaco-omic
data
The generation of cancer pharmaco-omic datasets have played
a vital role in broadening our understanding of cancer mecha-
nisms and cellular process. The NCI-60 project, with 60 human
cancer cell lines and from the US NCI, is that with the largest
number of tested molecules [141]. More than 130 000 molecules
have been screened on this panel, over 50 000 of these molecules
being publicly available, each tested against 60 cancer cell lines
[141]. Recently, several projects have employed panels with a
much larger number of cell lines at the cost of screening a much
smaller number of molecules (Table 2). For example, the Cancer
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Table 3. Two-drug synergy data on in vitro cancer cell lines (CLs) and in vivo patient-derived xenografts (PDXs)

Datasets
(assay)

#drugs #unique drug
combinations

#models Assay #types Early modeling
studies/reviews

AstraZeneca–Sanger
data [162]

119 910 85 CLs Sytox green 8 Li et al. [189],
Menden et al. [162]

NCI-ALMANAC [163] 104 5232 60 CLs CellTiter-Glo 9 Xia et al. [190],
Sidorov et al. [191]

NIBR-PDXE [83] 62 26 277 PDXs % tumor volume
change

6 Nguyen et al. [188],
Kurilov et al. [186]

PDXFinder [145] 36 9 25 PDXs % tumor volume
change

5 None so far

Table 4. Available omics data for each resource

Datasets RNA expression DNA copy number DNA mutations DNA methylation Protein abundances

NCI-60 [141] cDNA microarray,
Affymetrix Hu6800,
Affymetrix HGU133

Affymetrix 125 K
SNP array,
OncoBAC DNA
microarray

WES Infinium Human-
Methylation450k
BeadChip array

Reverse-phase
protein lysate arrays

GDSC [181] Affymetrix
HG-U219A

Affymetrix SNP 6.0 Illumina Hiseq 2000 Illumina array 450 K –

CCLE [121] Affymetrix HG-U133
Plus 2.0, Illumina
RNA-seq

Affymetrix SNP 6.0 OncoMap, Hybrid
Capture Sequencing

Reduce
representation
bisulfite sequencing

Reverse-phase
protein lysate
microarray

CTRP v2 [184] Affymetrix HG-U133
Plus 2.0

Affymetrix SNP 6.0 OncoMap, Hybrid
Capture Sequencing

– –

gCSI [144] Illumina RNA-seq Illumina 2.5 M SNP Sanger – –
DepMap [142] CCLE (Affymetrix

HG-U133 Plus 2.0)
CCLE (Affymetrix
SNP 6.0)

CCLE (OncoMap,
Hybrid Capture
Sequencing)

– Reverse-phase
protein lysate
microarray

NIBR-PDXE [83] Affymetrix
HG-U133PLUS 2.0,
Illumina RNA-seq

Affymetrix SNP 6.0 Illumina Hiseq
2000/2500

– –

PDXFinder [145] / (platform depends
on providers)

/ (platform depends
on providers)

/ (platform depends
on providers)

– –

AstraZeneca–Sanger
data [162]

Affymetrix Human
Genome U219

Affymetrix SNP 6.0 Illumina Hiseq 2000 Illumina array 450 K –

NCI-ALMANAC [163] cDNA microarray,
Affymetrix Hu6800,
Affymetrix HGU133

Affymetrix 125 K
SNP array,
OncoBAC DNA
microarray

WES Infinium Human-
Methylation450k
BeadChip array

Reverse-phase
protein lysate arrays

Cell Line Encyclopedia (CCLE) project [121], where the sensitivity
of 479 cancer cell lines against 24 drug molecules was tested.
The exception is DepMap [142], a more recent screen midway
between these opposite numbers of cell lines and tested drugs.
Indeed, 4518 compounds against 578 cell lines are available in
the DepMap portal [35] and were originally screened to reveal
the inhibitory effect of nononcology drugs in cancer cell lines
[142]. These resources have enabled research on many more
cancer types, while providing higher statistical power to identify
single-gene markers of drug response for a range of cancer types
[143].

However, special care must be taken to avoid inconsistencies
when integrating drug sensitivity data from different resources.
These inconsistencies may originate from different drug testing
assay, drug concentration and seeding density across resources
[144]. Another recent trend has been to characterize each cell line
with a range of molecular profiles. These in vitro pharmaco-omic
datasets result from integrating drug response and molecular
profiles across cell lines. Furthermore, large collections of PDXs

have also been established to characterize patient tumor hetero-
geneities in vivo [83, 145]. For example, Gao et al. [83] generated
PDXs for the Novartis Institute for Biomedical Research
PDX encyclopedia and tested them with numerous drugs.
Subsequently, Georgopoulou et al. developed the extensive col-
lection of breast cancer PDXs, in which molecular characteristics
of original tumor are preserved [146]. These in vivo pharmaco-
omic datasets cover a much smaller number of drugs and tumor
models than their in vitro counterparts due to incurring in higher
financial and time costs.

Either way, there are still many cancer types for which no
pharmaco-omic datasets are available. Integrating data from a
range of cancer types for transfer learning constitutes an effec-
tive way to be able to predict drug response in data-scarce cancer
types as long as all tumor models are profiled in a common
way [147, 148]. Integrating various multi-omics profiles has been
proposed as another way to gain predictive accuracy in gen-
eral [149]. However, a model integrating multiple profiles would
increase time and cost expenses for each patient in a clinical
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setting. Furthermore, a multi-omic integration has been typically
reported to result in at best incremental benefits [150]. These
reviews provide further information about pharmaco-omic data
integration [151, 152].

Table 2 compiles major primary data resources that can be
used to build predictive models of response of individual drugs.
The number of drugs, cell lines and cancer types increase with
new releases (the ones provided are indicative and correct at the
time of writing). Table 3 compiles major primary data resources
that can be used to build predictive models of response or
synergy of drug pairs. Such drug combinations can provide
many benefits over single-drug therapies: higher efficacy, lower
toxicity and at least delayed onset of acquired treatment resis-
tance [153–155]. Systematic screening efforts to measure their
synergies on preclinical cancer models have been pursued [156–
161], including that of the AstraZeneca–Sanger drug combina-
tion prediction DREAM challenge consortium [162] and NCI-
ALMANAC [163]. In the case of PDXs, tumor growth inhibition of
the combined drugs is compared with each of the drugs individ-
ually to determine greater-than-additive effects [83, 164]. Given
space constraints, we cannot review databases aggregating and
adding value to primary datasets such as PharmacoDB [165] or
DrugComb [166]. For the same reasons, we do not review studies
exploiting these datasets using ML, but provide some references
to the earliest of these studies/reviews in Tables 2 and 3 as
a starting point. Further information is available in excellent
reviews dedicated to this topic [5, 8, 167].

Table 4 compiles molecular profiles available for the resources
listed in Tables 2 and 3. Some resources also release molecular
profiles, whereas other only provide drug-response profiles with
molecular profiles coming from independent resources (e.g. the
profiles of NCI60 cell lines are provided in CellMinerCDB [168]).
DepMap also provides molecular characterization of cancer
cell line data from the CCLE project [121], which comprises
the log copy number of gene from WES, protein expression
measured by RPPA, quantitative proteomic profile by mass
spectrometry, transcript per million-processed RNA-seq and
gene mutation data.

Key points
• Cancer is a complex and multifactorial family of

genetic diseases involving alterations in different
types of macromolecules, which are captured by a
range of ‘omics’ technologies.

• Preclinical cancer studies are based on a variety of
disease models, including in vitro, ex vivo and in vivo
models, generating from a tumor sample of a cancer
patient.

• A wide range of omics technologies have been applied
for molecular profiling of tumor samples, e.g. at the
genomic, transcriptomic, epigenomic and proteomic
levels.

• Cancer models are also profiled for their response
(sensitivity or resistance) to a panel of drugs with
high-throughput experimental approaches, thus also
generating a large amount of data.

• The integration of the molecular profiles of cancer
models with their corresponding drug–response pro-
files gives rise to pharmaco-omic datasets, hosted by
a rising number of databases.
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5. Adam G, Rampášek L, Safikhani Z, et al. Machine learning
approaches to drug response prediction: challenges and
recent progress. npj Precis Oncologia 2020;4:1–10.

6. Valencia A, Hidalgo M. Getting personalized cancer genome
analysis into the clinic: the challenges in bioinformatics.
Genome Med 2012;4:1–17.

7. Singer J, Irmisch A, Ruscheweyh H-J, et al. Bioinformatics for
precision oncology. Brief Bioinform 2019;20:778–88.

8. Ali M, Aittokallio T. Machine learning and feature selec-
tion for drug response prediction in precision oncology
applications. Biophys Rev 2019;11:31–9.

9. Dapic I, Uwugiaren N, Jansen PJ, et al. Fast and sim-
ple protocols for mass spectrometry-based proteomics
of small fresh frozen uterine tissue sections. Anal Chem
2017;89:10769–75.

10. Sánchez-Navarro I, Gámez-Pozo A, González-Barón M, et
al. Comparison of gene expression profiling by reverse
transcription quantitative PCR between fresh frozen and
formalin-fixed, paraffin-embedded breast cancer tissues.
Biotechniques 2010;48:389–97.

11. Gao XH, Li J, Gong HF, et al. Comparison of fresh frozen
tissue with formalin-fixed paraffin-embedded tissue for
mutation analysis using a multi-gene panel in patients
with colorectal cancer. Front Oncol 2020;10:310.

12. Gustafsson OJR, Arentz G, Hoffmann P. Proteomic devel-
opments in the analysis of formalin-fixed tissue. Biochim
Biophys Acta Proteins Proteomics 1854;2015:559–80.

13. Srinivasan M, Sedmak D, Jewell S. Effect of fixatives and
tissue processing on the content and integrity of nucleic
acids. Am J Pathol 2002;161:1961–71.

14. Li P, Conley A, Zhang H, et al. Whole-transcriptome profiling
of formalin-fixed, paraffin-embedded renal cell carcinoma
by RNA-seq. BMC Genomics 2014;15:1087.

15. April C, Klotzle B, Royce T, et al. Whole-genome gene
expression profiling of formalin-fixed, paraffin-embedded
tissue samples. PLoS One 2009;4:e8162.

16. Han Y, Li J. Sample types applied for molecular diagnosis
of therapeutic management of advanced non-small cell
lung cancer in the precision medicine. Clin Chem Lab Med
2017;55:1817–33.

17. Wood HM, Belvedere O, Conway C, et al. Using next-
generation sequencing for high resolution multiplex anal-

D
ow

nloaded from
 https://academ

ic.oup.com
/bib/article/22/6/bbab312/6343527 by Im

perial C
ollege of Science Technology and M

edicine user on 27 N
ovem

ber 2024



12 Piyawajanusorn et al.

ysis of copy number variation from nanogram quantities of
DNA from formalin-fixed paraffin-embedded specimens.
Nucleic Acids Res 2010;38:e151.

18. Kerick M, Isau M, Timmermann B, et al. Targeted high
throughput sequencing in clinical cancer settings:
formaldehyde fixed-paraffin embedded (FFPE) tumor
tissues, input amount and tumor heterogeneity. BMC Med
Genomics 2011;4:68.

19. Tuononen K, Mäki-Nevala S, Sarhadi VK, et al. Comparison
of targeted next-generation sequencing (NGS) and real-
time PCR in the detection of EGFR, KRAS, and BRAF muta-
tions on formalin-fixed, paraffin-embedded tumor mate-
rial of non-small cell lung carcinoma-superiority of NGS.
Genes Chromosomes Cancer 2013;52:503–11.

20. Gillespie JW, Best CJM, Bichsel VE, et al. Evaluation of non-
formalin tissue fixation for molecular profiling studies. Am
J Pathol 2002;160:449–57.

21. Weng L, Wu X, Gao H, et al. MicroRNA profiling of clear
cell renal cell carcinoma by whole-genome small RNA deep
sequencing of paired frozen and formalin-fixed, paraffin-
embedded tissue specimens. J Pathol 2010;222:41–51.

22. Meng W, McElroy JP, Volinia S, et al. Comparison of
microRNA deep sequencing of matched formalin-fixed
paraffin-embedded and fresh frozen Cancer tissues. PLoS
One 2013;8:e64393.

23. Spencer DH, Sehn JK, Abel HJ, et al. Comparison of clinical
targeted next-generation sequence data from formalin-
fixed and fresh-frozen tissue specimens. J Mol Diagnostics
2013;15:623–33.

24. Fanelli M, Amatori S, Barozzi I, et al. Pathology tissue-
chromatin immunoprecipitation, coupled with high-
throughput sequencing, allows the epigenetic profiling of
patient samples. Proc Natl Acad Sci U S A 2010;107:21535–40.

25. Fanelli M, Amatori S, Barozzi I, et al. Chromatin immunopre-
cipitation and high-throughput sequencing from paraffin-
embedded pathology tissue. Nat Protoc 2011;6:1905–19.

26. Saliba AE, Westermann AJ, Gorski SA, et al. Single-cell
RNA-seq: advances and future challenges. Nucleic Acids Res
2014;42:8845–60.

27. Moreno P, Huang N, Manning JR, et al. User-friendly, scalable
tools and workflows for single-cell RNA-seq analysis. Nat
Methods 2021;18:327–8.

28. Hu P, Zhang W, Xin H, et al. Single cell isolation and analysis.
Front Cell Dev Biol 2016;4:116.

29. Dove A. The art of culture: developing cell lines. Science
2014;346:1013–5.

30. Mather JP. Concise review: cancer stem cells: in vitro mod-
els. Stem Cells 2012;30:95–9.

31. Kaur G, Dufour JM. Cell lines. Spermatogenesis 2012;2:1–5.
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Interpretable Machine Learning Models to Predict the
Resistance of Breast Cancer Patients to Doxorubicin from
Their microRNA Profiles

Adeolu Z. Ogunleye, Chayanit Piyawajanusorn, Anthony Gonçalves, Ghita Ghislat,
and Pedro J. Ballester*

Doxorubicin is a common treatment for breast cancer. However, not all
patients respond to this drug, which sometimes causes life-threatening side
effects. Accurately anticipating doxorubicin-resistant patients would therefore
permit to spare them this risk while considering alternative treatments
without delay. Stratifying patients based on molecular markers in their
pretreatment tumors is a promising approach to advance toward this
ambitious goal, but single-gene gene markers such as HER2 expression have
not shown to be sufficiently predictive. The recent availability of matched
doxorubicin-response and diverse molecular profiles across breast cancer
patients permits now analysis at a much larger scale. 16 machine learning
algorithms and 8 molecular profiles are systematically evaluated on the same
cohort of patients. Only 2 of the 128 resulting models are substantially
predictive, showing that they can be easily missed by a standard-scale
analysis. The best model is classification and regression tree (CART)
nonlinearly combining 4 selected miRNA isoforms to predict doxorubicin
response (median Matthew correlation coefficient (MCC) and area under the
curve (AUC) of 0.56 and 0.80, respectively). By contrast, HER2 expression is
significantly less predictive (median MCC and AUC of 0.14 and 0.57,
respectively). As the predictive accuracy of this CART model increases with
larger training sets, its update with future data should result in even better
accuracy.
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1. Introduction

Breast cancer (BC) has the highest global in-
cidence and mortality rate amongst all can-
cer types affecting women.[1,2] In 2020, BC
rose above lung cancer to become the most
frequently diagnosed cancer worldwide,[1]

with over 2 million new cases recorded
(11.7% of all reported new cases) and over
600 000 deaths (6.9% of the overall cancer
deaths recorded). Doxorubicin is an intra-
venous chemotherapy, within the anthracy-
cline class of drugs, used in both the early
and the advanced setting of various cancer
types, including BC.[3,4] Doxorubicin works
essentially by intercalating between neigh-
boring DNA base pairs.[5,6] The resulting
doxorubicin–DNA complex inhibits topoi-
somerase II activity, which subsequently
disrupts DNA replication and transcription,
leading to both cytotoxic and apoptotic cell
death.[7,8] Unfortunately, primary resistance
to treatment is common across cancer types
and drugs.[9–12] Such de novo resistance is
also commonly observed with doxorubicin-
containing treatments in BC patients.[13]
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A central goal of precision oncology is to anticipate which pa-
tients will be resistant to a given drug.[14,15] This anticipation
would result in the identified patients receiving without delay al-
ternative treatments more likely to stop cancer progression. In
the case of doxorubicin, which may cause cardiotoxicity,[7,16,17]

such predictors would also be helpful to avoid resistant-predicted
patients taking unnecessary risks. Historically, this goal has been
approached by searching for a single-gene marker, which is a
molecular feature able to distinguish between sensitive and resis-
tant tumors to the treatment. While many efforts have employed
preclinical data with this purpose,[18–21] much less abundant clin-
ical datasets are by definition the most relevant for patients.[14]

An example of the latter clinical studies is one where high HER2
expression in BC patient tumors was reported to be predictive
of patient response to anthracyclines, including doxorubicin.[22]

A major limitation, however, is that many single-gene markers
only provide modest predictive accuracy restricted to a very small
fraction of patients.[15] As an example, 16% of EGFR-mutant non-
small-cell lung cancer (NSCLC) patients were found to respond
to Erlotinib, but the prevalence of this mutation was low and
7% of EGFR-WT NSCLC patients also responded to this drug.[23]

Thus, at least in this cohort, the Matthew correlation coefficient
(MCC) of this FDA-approved single-gene marker is just 0.11,[24],

i.e., slightly more predictive than random guessing. These prac-
tical limitations of single-gene markers may be due to biological
reasons (e.g., patient response to a drug is the outcome of a com-
plex multifactorial process, which is often poorly anticipated by
the status of a single gene), but also technical reasons (e.g., using
metrics that can strongly overestimate predictive performance in
the common scenario where there is a class imbalance in the
data).[25,26] Multigene expression signatures of drug response are
also a common approach, but these are limited by neglecting
epistatic effects and profiles other than messenger RNA (mRNA)
expression.[27–30]

These limitations are now being overcome by machine learn-
ing (ML), which can generate computational models exploiting
multiple pretreatment features of patients to predict their re-
sponse to that drug treatment. There are many of such com-
putational studies using pharmaco-omic data from preclinical
models,[31] especially data from cancer cell lines[32–35] but also
data from primary tumor cultures[36,37] or from patient-derived
xenografts.[24,38] When systematically and directly compared to
single-gene markers, multigene ML models mostly offer higher
MCC and almost always much higher recall.[39,40] However, while
some progress on leveraging preclinical data with this purpose
has been made,[24,41–47] preclinical models still tend to strug-
gle to predict drug response in patients with a useful level of
accuracy.[48,49]

ML models exploiting clinical data are hence attractive in this
context. However, such studies also have their challenges, e.g.,
the scarcity of suitable datasets and the need for substantial cu-
ration before these datasets can be used for this purpose. For in-
stance, a patient tumor’s molecular features are likely to be al-
tered upon drug treatment.[50,51] Therefore, as these are unlikely
to represent the pretreatment molecular features of the tumor
faithfully, one aim of curation is to discard tumors that were pro-
filed after the drug is administered (otherwise, these noisy data

instances could degrade model performance). Following such
curation, Ding et al. built binary classifiers for six drug-cancer
type binomials,[52] each exploiting four molecular profiles: copy
number alteration, DNA methylation, mRNA, and microRNA
(miRNA). An elastic net with bootstrapping was used for each
profile to select the most predictive molecular features, and a
final ensemble classifier was built based on these features. Us-
ing fivefold cross-validation (CV) predictions of drug treatment
response, the area under the curve (AUC) of the receiver oper-
ating characteristic (ROC), hereafter AUC for short, was above
random-guess level in 4 of the 6 binomials in at least one of the
considered profiles. In Bomane et al.,[53] our lab focused on a sin-
gle drug-cancer type binomial, paclitaxel-BC, but expanded the
analysis to 6 profiles and 10 ML algorithms. Interestingly, miRNA
and DNA methylation profiles were revealed to be highly pre-
dictive for this binomial. However, the latter only occurred with
two algorithms: classification and regression tree (CART) and, to
a lesser extent, extreme gradient boosting (XGBoost) integrated
with feature selection. Overall, there are still few studies on the
application of ML to predict drug treatment response, in part due
to the scarcity of suitable clinical samples for a given drug-cancer
type binomial, although its application to predict other patient
outcomes requiring less curation has received more attention
(e.g., prognosis).[54]

To our knowledge, ML is yet to be applied to predict BC pa-
tient response to doxorubicin treatments. Here we will evaluate
a range of ML algorithms, which generally results in much bet-
ter prediction than restricting to a single algorithm.[24,53] This
is particularly true when considering algorithms that incorpo-
rate some form of feature selection to mitigate the impact of
high-dimensionality in the training data. The latter may have
the additional advantage of providing interpretable molecular hy-
potheses for interpatient doxorubicin response variability. Inte-
grating optimal model complexity (OMC) strategies with ML al-
gorithms has resulted in improved predictions with problems
spanning a range of drugs and cancer types.[24,53,55] Another novel
aspect of this study is that we will also investigate for the first
time multivariate predictors based on patient response and pro-
files other than mRNA expression for this drug. The US Na-
tional Cancer Institute (NCI) Genomic Data Commons (GDC)
datasets have been harmonized across different cancer genome
programs,[56] providing a range of clinical drug response data and
omics profiles. Thus, the data used in this study were obtained
from the GDC repository (https://portal.gdc.cancer.gov). Beyond
single-gene and/or multigene expression predictors with modest
performance,[15,23] we considered data from multiple molecular
profiles arising from the application of various next-generation
sequencing technologies to patient samples and processed via
various GDC workflows with their annotated treatment and
biospecimen information. Drug response data of BC patients re-
quired the most intensive curation (Figure 1A), as detailed in
the Experimental Section. From a total of 64 drugs adminis-
tered across BC patients, we could identify 96 of these patients
(Table S1, Supporting Information) with both molecular profil-
ing of their tumors and annotated responses to a doxorubicin-
containing treatment. Figure 1B presents the scheme of our
methodology.
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Figure 1. Schematic representation of the development of supervised learning models to predict patient response to doxorubicin. A) Multiomics
datasets, including molecular profiles of patient tumors generated with high-throughput technologies such as RNA-Sequencing, miRNA-Sequencing
or DNA methylation array, were retrieved from the NCI GDC data repository. The corresponding biospecimen and clinical datasets were also retrieved
from the GDC and curated to retain valid records only. All valid records came from the GDC-enriched The Cancer Genome Atlas – Breast Invasive Carci-
noma (TCGA-BRCA) project. B) These datasets were subsequently preprocessed and used to build and evaluate a range of supervised learning models by
tenfold CV with five repetitions. Because these datasets have high dimensionality, OMC models were also built to identify and retain the most important
features.[24,53] 16 binary classification algorithms, 8 algorithms either with or without the OMC strategy, were applied to each of the 8 molecular profiles,
resulting in the generated 128 models. Diverse binary classification metrics were used to evaluate the predictive performance of each developed model.

2. Results

Using data from the 96 BC patients (Table S1, Supporting Infor-
mation), we employed 16 binary classification algorithms to gen-
erate and evaluate ML models to predict the responses to dox-
orubicin of these patients from the molecular profiles of their
tumors. Figure 1 summarizes this process, which is fully spec-
ified in the Experimental Section. Figure S1 of the Supporting
Information shows the high dimensionality of each profile, rang-
ing from the expression of 927 miRNA isoforms (isomiR) to the
methylation levels of 450 000 DNA probes.

2.1. Identifying the Most Predictive ML Algorithms and Molecular
Profiles for Doxorubicin-Response Prediction in BC Patients

The accuracy of each set of tenfold CV (10CV) predictions for the
patients by each model is quantified by its MCC. The median

MCC (mMCC) of five 10CV repetitions, each with a different ini-
tial random seed, is presented in Figure 2. Two models were able
to distinguish between responders and nonresponders with an
mMCC of at least 0.3, including mMCC of 0.56 from CART using
isomiR features and mMCC of 0.32 from CART using miRNA
features. Note that most models obtain a near-random predictive
level (MCC ≈ 0), with perfect prediction (MCC = 1) being still
far away from the best models (this was expected, as we will dis-
cuss later). Figure S2 of the Supporting Information presents the
results using other evaluation metrics, which evidences that the
more common AUC is a less demanding metric than MCC. In-
deed, AUC tends to overestimate predictive performance in im-
balanced classification problems,[57,58] which is not the case of
MCC.[59] This is our main reason to use MCC as the primary per-
formance metric.

Looking at the seven models with an mMCC of at least
0.2 (Figure S3, Supporting Information), all were built with
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Figure 2. Heatmap showing the median MCC (mMCC) of five tenfold CV runs for each of the 128 models. Each row corresponds to a given molecular
profile, each column refers to the employed classification algorithm. The first 8 algorithms on the left were ran without OMC and hence each lead to
an all-features model considering all available features from the processed datasets during model building. The rest of algorithms (the other 8 on the
right) were ran with OMC to search for a small subset of features facilitating the classification of patients, thus the suffix “OMC” was added to the
algorithm name. 10-by-10 nested-CV runs were carried out five times, each time with a different random seed. For each run, CV predictions were merged
to calculate the evaluation metrics. In this way, five MCC scores are obtained for each algorithm and molecular profile binomial, with its mMCC being
shown in the heatmap. The two most predictive models were built with decision trees: mMCC of 0.56 from CART using isomiR features and mMCC of
0.32 from CART using miRNA features. However, the general trend is the OMC model (right) having higher MCC than its corresponding all-features
model (left). Models resulting in undefined mMCC scores are indicated as blank grey boxes. Here MCC is undefined because the model predicts the
same class for all instances (e.g., if all are predicted positive, then the sum of true negatives and false negatives is by definition zero, which in turn makes
the MCC denominator zero as well).

algorithms inducing feature selection. Two-thirds were OMC
models, whereas the rest were all-features CART models. Six of
these models employed either isomiR or miRNA features. An in-
spection of the best results in terms of median AUC (mAUC) and
their corresponding mMCC (Figure S4, Supporting Information)
shows that these models also have high mAUC (CART_isomiR
with an mAUC of 0.80 and CART_miRNA with an mAUC of
0.64). Noticeably, isomiR gives a better prediction of nonrespon-
ders when compared to miRNA (Table S2, Supporting Informa-
tion). By contrast, Figure S4 of the Supporting Information also
reveals many models with good mAUC but poor mMCC such
as miRNA_LGBM (Light Gradient Boosting Machine). The lat-
ter model has 14 false negatives and 9 false positives, whereas
CART_isomiR only has 4 false negatives and 3 false positives (Ta-
ble S2, Supporting Information). This further supports the use of
MCC for this type of class-imbalanced problems.

2.2. Determining the Robustness of the Best ML Models

After identifying isomiR_CART and miRNA_CART as the best
ML models, here we evaluate how their predictive accuracies vary
with different training set sizes and random seeds. With this pur-
pose, we also conducted five runs of threefold CV (3CV) and five-
fold CV (5CV) experiments, in addition to the five 10CV runs
from the previous section, using different random seeds. Both
models were robust to this type of variability given the similar
MCC values returned within each set of experiments summa-

rized by a boxplot (Figure 3). Higher MCC values were observed
as larger training sets were employed (from training with 67%
of the data in 3CV to training with 90% of the data in 10CV). To
find out which part of the predictive accuracy comes from signal
in the data, we repeated all the CV runs exactly in the same man-
ner from class-permuted versions of the datasets. As a result, all
the latter runs obtained near random-level MCC values, which
were significantly worse than those arising from models trained
on the original data in all cases (Figure 3).

2.2.1. Impacts of Data Integration on Doxorubicin Response
Prediction

We next look at whether adding or considering other sets fea-
tures to describe patients improves prediction further. CART us-
ing clinical data was barely predictive (Figure 4; Table S3, Sup-
porting Information). These clinical features comprised sex, age,
tumor stage, histological type, menopause status and the status of
the estrogen, progesterone, and HER2 receptors (Table S1, Sup-
porting Information). CART with merged clinical and isomiR
features did not result in an improvement in MCC. However, in-
tegrating clinical and miRNA data improved MCC, although the
difference with using miRNA features alone was not significant.
We also evaluated CART with merged isomiR and miRNA fea-
tures, which led to worse MCC values than using either profile
alone. Lastly, CART using all the profiles as features led to the
worse MCC overall.

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (4 of 14)
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Figure 3. CV performance of the two most predictive models compared to those from training with permuted data. The boxplots present the distributions
of MCC scores obtained across five iterations of CART models evaluation implemented on miRNA (left) and isomiR (right) datasets with 3CV, 5CV, and
10CV. CART models trained on the original dataset, i.e., all-features data (deep green), and CART model trained on the class permuted dataset (light
green). Each model’s predictive performances (original and permuted) are compared within each of the CVs implemented for isomiR and miRNA. The
horizontal bars above the boxplots indicate the significance levels between these distributions: “*” means 0.01 < p < = 0.05, “**” means 0.001 < p <

= 0.01, “***” means 0.0001 < p < = 0.001, and “****” means p < = 1.00 1.00 × 10−4. These p-values were calculated using two-sided Welch’s t-tests.
CART models obtain significantly better MCC than the permuted models in all the CVs, both with miRNA and isomiR features. Each dot represents a
repetition.

Figure 4. Comparison of the predictive performances of the model trained on the predictive molecular profile to those combining other datasets: Boxplots
comparing the MCCs obtained from five runs of tenfold CV for the most predictive profiles (miRNA and isomiR) with those combining clinical data,
merged both profiles (isomiR+miRNA) and those merging all the profiles considered in this study (clinical+ 8 molecular profiles). The predictive models
combining clinical and demographic information (Table S1, Supporting Information) with each of miRNA and isomiR profiles slightly performed better
than those trained on miRNA and isomiR individually, but the differences were not statistically significant (p > 0.05). However, when the two predictive
profiles were combined (miRNA + isomiR), a significant decrease in performance was observed compared with individual predictive profiles. Finally, the
model combining all the 8 molecular profiles with clinical data has the least predictive performances; this could be due to the curse of dimensionality. It
was observed that the higher the dimension of our dataset, the lower the performance of the models on the molecular profiles. Statistical comparisons
between different models were performed using Welch’s t-test (two-sided). Stars denote p-value of the test, where; nonsignificant “ns” means 0.05 < p
< = 1.00, “*” means 0.01 < p < = 0.05, “**” means 0.001 < p < = 0.01, and “***” means 0.0001 < p < = 0.001. Each dot represents a repeat.

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (5 of 14)
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Figure 5. Comparison of the HER2-based model with the best ML models to predict doxorubicin response in BC patients. Boxplots comparing the MCCs
of CART models using miRNAs and their isoforms with those obtained using HER2 expression values only. HER2 expression (left) gave a significantly
lower (p < 0.01) predictive performance than the two best ML models from this study (right). Legend: “**” means 0.001< p < = 0.01 and “***” means
0.0001 < p < = 0.001. The p-values were calculated using two-sided Welch’s t-test. Each dot represents a repeated run.

2.2.2. Comparing the ML Models to the Existing Single-Gene Marker
of Doxorubicin Response

Gennari et al.,[60] Rody et al.,[22] Zhang and Liu[61] showed inde-
pendently that HER2 status is a marker of doxorubicin sensitivity
in BC, with higher HER2 expression indicating higher sensitiv-
ity to the drug. Figure 5 shows that the mMCC obtained from
the HER2 model is just 0.14, which is significantly lower than
our predictive models with 3 miRNAs (mMCC = 0.32) or with 4
isomiRs (mMCC= 0.56). Table S4 of the Supporting Information
also displays a sharp difference in terms of AUC. These results
suggest that these ML models are able to predict doxorubicin re-
sponse much better than the HER2 marker.

2.3. Assessing the Applicability Domain of the Best ML Models

We are not aware of publicly-available BC datasets with other
miRNA-profiled doxorubicin-treated patients. However, there is a
total of 1078 miRNA-profiled patients in the GDC TCGA-BRCA
project. Therefore, we can investigate whether the subset of 95
miRNA-profiled doxorubicin-treated patients constitutes a repre-
sentative sample of all these patients. Figure 6A shows how these
1078 patients cluster by their similarity in the expression of pre-
dictive miRNA features. (Figure 6B shows the clustering of the
same patients with respect to predictive isomiR features.) In both
cases, the 95 doxorubicin-treated patients are evenly distributed
across clusters, which means that all major clusters are repre-
sented in the training set of each of the best ML models we iden-
tified. This lack of a strong distribution shift between the training
and potential test sets suggests that these models should also be
predictive on the rest of miRNA-profiled patients.

2.4. The Best ML Models Are Also Highly Interpretable

Out of the 16 models evaluating miRNA features, CART was
found to be the most predictive. This model selected 3 (hsa-miR-

4421, hsa-miR-4680, and hsa-miR-514a-1) out of the 1881 consid-
ered miRNAs (Figure 7A; Table S2, Supporting Information). On
the other hand, among the models employing isomiR features,
only CART was substantially predictive by selecting 4 (hsa-miR-
450a-1, hsa-miR-19b-2, hsa-miR-92a-2, and hsa-miR-92a-1) out of
927 analyzed isomiR features (Figure 7B; Table S2, Supporting
Information).

2.4.1. Predicted miRNA Target Genes

A miRNA is a small single-stranded noncoding RNA molecule
able to bind to a specific set of mRNA molecules. Such bind-
ing results in either degrading the bound mRNA molecule or
suppressing its translation into a protein.[62] That is, an miRNA
influences the post-transcriptional regulation of a specific set of
protein-coding genes (its targeted genes). A total of 13898 genes
are predicted to be targeted by the 7 predictive miRNAs (Table 1)
according to TargetScan.[63]

To unveil BC-associated processes, we first determined the
overlap between TargetScan genes and the 89 and 37 genes
that are reported to be BC-driving genes in Integrative OncoGe-
nomics (IntOGen)[64] and Catalogue of Somatic Mutation in Can-
cer (COSMIC)[65,66] databases, respectively. To enhance the BC-
specificity of the analysis, we focus on the 23 genes that we
found to be common to these three gene lists (Figure 8A): AKT1,
ARID1A, ARID1B, BAP1, BRCA1, BRCA2, CASP8, CDH1,
CDKN1B, CTCF, ERBB2, ESR1, FOXA1, GATA3, MAP2K4,
MAP3K1, NCOR1, PIK3CA, RB1, SALL4, SMARCD1, TBX3,
TP53 (Table S6, Supporting Information).

2.4.2. Enrichment Analysis (EA) of the Genes Targeted by the
Predictive miRNAs

We next carried out EA using the over representation analy-
sis (ORA) method implemented in the WEB-based Gene SeT

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (6 of 14)

 21983844, 2022, 24, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/advs.202201501 by Im

perial C
ollege London, W

iley O
nline Library on [27/11/2024]. See the Term

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline Library for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons License



www.advancedsciencenews.com www.advancedscience.com

Figure 6. Expression of the selected miRNAs and isomiRs in 1078 TCGA-BRCA cases. Clustering on the RPM-normalized expression for the A) 3 selected
miRNAs and B) 4 selected isomiRs with all the 1078 TCGA-BRCA patients having both miRNA and isomiR data (with and without treatments records).
The dendrogram on the left shows the clustering of patients, while the one on the top shows the clustering of the selected features (3 miRNAs and 4
isomiRs). The colors on the top-left of the heat map represent the scale of the normalized expression values, while the colors in the heat map represent
the expression intensities of the selected subsets of features. For the selected miRNAs (A), hsa-miR-4680 has more cases with the highest expression
values among the 3 selected across all the cases considered, has-miR-4421 followed this and hsa-miR-514a-1 has the least expression values as indicated
by color partitions in the heatmap. Similarly, the column dendrogram showed that the expression of has-miR-4421 and hsa-miR-514a-1 are more similar
(i.e., both were in the same cluster) while that of hsa-miR-4680 are less similar to the other 2 miRNAs as indicated by the distance observed between the
clusters. For the selected isomiRs (B), hsa-miR-450a-1 has more cases with higher expression values when compared with others, while the remaining
isomiRs (hsa-miR-19b-1, hsa-miR-92a-2, and hsa-miR-92a-1) have very similar expressions across all the cases. Despite their similarity, hsa-miR-19b-2
still has slight dissimilarity from other 2 and as such, it belongs to another cluster, whereas hsa-miR-92a-2 and hsa-miR-92a-1 form a cluster. Patients
belonging to the same cluster/group are more similar and are less similar to patients in other clusters. For readability, the labels to the right of the y-axis
only present 36 patient IDs from different clusters out of 1078 included in each plot (this was done by minimizing the figure size). On the left of the
dendrogram, the DTPs distribution is shown in red against other cohorts in yellow. There is no clear separation between the DTPs and others cohorts
in both plots, which shows that the 95 patients are representative of the full 1078-patient cohort.

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (7 of 14)
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Figure 7. Interpreting the most predictive models based on miRNA and isomiR expression data. A) CART with the 3 selected miRNA features (hsa-
miR-4421, hsa-miR-4680, and hsa-miR-514a-1) trained on all 95 patients with miRNA profile. The histogram in each tree node shows the distribution of
patients at that node against the feature employed to split the patients into nonresponders and responders. The triangle under each histogram indicates
the value of the best split for that feature, whose name can be found beneath the histogram. Each node has two leaves: to the right (patients with a
feature value greater than or equal to the best split) and the left (the rest of the patients). Terminal nodes appear as circles and the decision path to get to
each of them constitute an explanation of why a patient has been assigned the associated response class. For instance, there are two molecular subtypes
in miRNA space associated to doxorubicin resistance: i) patients whose tumors express hsa-miR-4421 ≥ 0.44 are predicted to be nonresponders (4
out of the 9 nonresponders have tumors verifying this decision rule in the trained model), and ii) patients whose tumors express hsa-miR-4421 < 0.44,
hsa-miR-4680 ≥ 0.72 and hsa-miR-514a-1 < 0.65 are also predicted to be nonresponders (the remaining 5 nonresponders follow this decision rule).
Otherwise, the patient is predicted to be a responder. B) CART with the 4 selected isomiR features (hsa-miR-450a-1, hsa-miR-19b-2, hsa-miR-92a-2, and
hsa-miR-92a-1) trained on all 95 patients. In the isomiR space, there are also two molecular subtypes associated to doxorubicin resistance: i) patients
with tumors expressing hsa-miR-450a-1 ≥ 0.28, hsa-miR-92a-2 ≥ -0.38, and hsa-miR-92a-1 < 0.15 are predicted to be nonresponders (8 out of the 9
nonresponders have tumors verifying this decision rule in the trained model), and ii) patients whose tumors express hsa-miR-450a-1 < 0.28, and hsa-
miR-19b-2 < -0.85 are also predicted to be nonresponders (the remaining nonresponder follow this decision rule). Conversely, the patient is predicted
responder.

Table 1. 23 BC-driving genes are likely to be targeted by the 7 predictive miRNAs.

miRNA TargetScan TargetScan ∩ IntOGen TargetScan ∩ COSMIC TargetScan ∩ COSMIC ∩ IntOGen

hsa-mir-4421 3284 22 11 7

hsa-miR-4680-3p 4870 43 16 9

hsa-miR-4680-5p 3864 24 5 4

hsa-miR-514a-3p 3520 28 9 7

hsa-miR-514a-5p 3851 31 12 10

hsa-miR-450a-1-3p 6030 34 14 9

hsa-miR-19-5p 4906 37 12 8

hsa-miR-92a-2-5p 5873 36 16 10

hsa-miR-92a-1-5p 3287 26 7 4

# of unique genes 13 898 89 37 23

AnaLysis Toolkit (WebGestalt).[67] ORA was used to identify the
biological pathways significantly enriched with the 13898 tar-
geted genes from the cancer-related repository of WikiPathways
(WikiPathway cancer). The four cancer-associated pathways that
were found (false discovery rate (FDR) ≤ 0.05) are DNA dam-

age response, ErbB (epidermal growth factor receptor family) sig-
naling pathway, endometrial cancer, and chromosomal and mi-
crosatellite instability in colorectal cancer (Table S5, Supporting
Information). Figure S5A of the Supporting Information com-
plements this information with the gene ontology (GO) terms,

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (8 of 14)
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Figure 8. A) Venn diagram presenting the number and percentage of genes TargetScan-mapped to be targeted by the 7 predictive miRNAs in IntOGen
and COSMIC databases (23 of these genes overlapped between the three gene lists). B) EA of the 23 overlapping target genes using WikiPathway cancer.
The bar chart summarizes 10 biological pathways that are significantly (FDR < 0.05) enriched with different subsets of the 23 selected target genes for
the predictive miRNAs. The bars represent the enrichment ratio (ER, as the number of gene overlaps over its expected value) obtained by comparing
the gene list in our study with the reference gene set from genome protein-coding. FDA: false discovery rate.

including biological process, cellular component, and molecular
function, that are enriched with these 13898 genes. Pathways as-
sociated with doxorubicin’s mechanism of action such as DNA
damage response[68,69] and cell signaling,[70] were found to be en-
riched. This suggests that dysregulation of the predicted target
genes involved in these pathways could promote doxorubicin re-
sistance. Also, alterations in ErbB signaling pathways could exac-
erbate breast tumorigenesis,[71] which would contribute to dox-
orucibin seeming less effective, and have been linked to doxoru-
bicin resistance.[72]

Aiming at revealing the most predominant BC-specific biolog-
ical processes underpinning primary resistance to doxorubicin,
EA was conducted for the 23 genes obtained from leveraging
BC-driver knowledge consensus and miRNA target prediction
(Table 1). ORA was now used to identify biological pathways
enriched with these 23 genes from both repositories WikiPath-
way cancer and Kyoto Encyclopedia of Genes and Genomes
(KEGG). This gene list was significantly (FDR ≤ 0.05) enriched
in 10 cancer-associated biological pathways each, as indicated in
both WikiPathway cancer (Figure 8B; Table S6, Supporting In-
formation) and KEGG (Figure S5C, Supporting Information),
three of these pathways (breast cancer, pancreatic cancer, and
endometrial cancer) are common to both WikiPathway cancer
and KEGG and appeared enriched with the same sets of genes.
Other pathways also emerged significantly enriched (FDR ≤ 0.05)
in WikiPathway of cancer, including tumor suppressor activity,
DNA damage response, apoptosis, cell signaling pathway, blad-
der cancer, and nonsmall cell lung cancer pathway. Of note, 8
of these 23 genes (ERBB2, ESR1, AKT1, PIK3CA, RB1, TP53,
BRCA2, BRCA1) specifically overlapped with the BC annotated
gene set (Figure S6 and Table S6, Supporting Information) in
both WikiPathway cancer and KEGG. The GO terms enriched
with these 23 genes are presented in Figure S5B of the Support-
ing Information. Due to doxorubicin-mediated DNA damage,
apoptotic cell death can be induced via the activation of tumor
suppressors in the cell cycle control and apoptosis.[73] However,
defect in these regulators can lead to doxorubicin failing to induce
cell cycle arrest and apoptosis.[68,69] The 23 BC-specific genes reg-

ulate processes associated with doxorubicin’s mechanism of ac-
tion and the breast cancer pathways in WikiPathway cancer (Fig-
ure 8). These genes are also part of drug resistance KEGG path-
ways, such as second-ranked platinum drug resistance and third-
ranked endocrine resistance pathways (Figure S5C, Supporting
Information), which are not found in enrichment analysis of the
13898 genes (Table S5, Supporting Information).

3. Discussion and Conclusions

Many studies[15,74] have focused on identifying mutation-based
single-gene markers and/or gene expression signatures for
precision oncology. With fast-growing clinical pharmaco-omic
datasets being available in the public domain, ML has become a
highly promising approach to discover how these molecular fac-
tors could collectively explain and predict drug response.[14,53,54,75]

Owing to the wealth of curated profiling data from the GDC,
we could carry out an unusually broad analysis covering eight
tumor profiles per patient. In line with previous studies ana-
lyzing other drugs,[52,53] this large-scale analysis across multiple
profiles and algorithms has resulted in the identification of the
first ML models able to predict patient response to doxorubicin-
containing treatments (CART allied with either miRNAs or their
isoforms). Owing to CART’s embedded feature selection, these
CART models only employ either three or four features of the
about 1–2 thousand considered. Another sign of the importance
of feature selection when training on high-dimensional datasets
is that OMC models were generally more predictive than their
all-features counterparts. Overall, only 2 of the 128 models in this
large-scale analysis were substantially predictive (Figure 2), show-
ing that they can be easily missed by a standard-scale analysis.
Interestingly, the fact that the best models are nonlinear, despite
testing linear models too, hints the nonlinearity of the data.

Merging features of potentially complementary nature yielded
mixed results (Figure 4). While merging clinical and miRNA fea-
tures improved the accuracy of miRNA features alone, the differ-
ence was not significant and this improvement was not observed
with isomiRs. Furthermore, clinical features alone were barely
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predictive and combining them with all the molecular profiles led
to an almost complete loss of predictive accuracy. We attribute the
latter to CART not being able to cope with the far higher num-
ber of features involved (over half a million). In fact, higher di-
mensionality is detrimental well before 3000 features (i.e., merg-
ing miRNAs and their isoforms, as this results in CART mod-
els with lower MCC values than any of the two profiles in iso-
lation). Thus, as no improvement is achieved by combining the
most predictive profiles, determining multiple profiles per tumor
is not recommended due to also being much more expensive and
time-consuming.

The predictive accuracy of the isomiR-based CART model is
high in the context of this problem despite the strong class im-
balance. First, the mMCC of its tenfold CV predictions across five
independent repetitions is 0.56, which corresponds to a mAUC
of 0.80. Importantly, while all models with a substantial mMCC
also have a substantial mAUC, the opposite is not true. For in-
stance, the miRNA-based LGBM model returned an mAUC of
0.71, but its mMCC is practically zero. In class-imbalanced prob-
lems like this, we recommend MCC as a more appropriate al-
ternative to AUC, as the latter has here overestimated the ability
of some models to discriminate between responders and nonre-
sponders. Second, the best ML models are much more predictive
than their respective permuted versions (Figure 3). Third, HER2
expression was identified as a doxorubicin response marker, as
also found by other studies supporting the use of this single-gene
marker,[22,60,61] but its mMCC is just 0.14 (Figure 5), which is four
times lower than the mMCC of the best ML model. Lastly, our
best predictive model with mMCC of 0.56 compares well to the
very few existing in vivo treatment response ML models for other
drugs and cancer types (MCC ranging from 0.36 to 0.54[24,76,77]).

To go beyond these retrospective validations, we performed
clustering on an additional 1078 BC patients profiled for both
miRNAs and isomiRs (Figure 6). Here we showed that, in ei-
ther of these profiles, the 95 doxorubicin-treated patients in the
training set were well represented in all the clusters in which the
1078 BC patients are partitioned. This means that these patients
are within the applicability domain of these models, which are
therefore expected to have similarly high accuracy when predict-
ing their response to doxorubicin. Furthermore, the predictive
accuracies of these models were robust to using different data
partitions and algorithm initializations (Figure 3). This further
supports that similarly small fluctuations in accuracy should be
observed on other BC patients.

An additional advantage of the identified models is that they
are interpretable at the patient level. For example, a patient is
predicted to be a nonresponder because her/his expression lev-
els for the 3 selected miRNAs, hsa-miR-4421, hsa-miR-4680, and
hsa-miR-514a-1, are nonlinearly combined in a way that has been
accurately associated to nonresponders by the CART algorithm
(Figure 7A). This 3-miRNA model is further supported by the rel-
evant individual roles of each of their constituting miRNAs. For
instance, hsa-miR-4421 and hsa-miR-4680 are overexpressed in
luminal A BC[78] and hereditary BRCA2 BC,[79] respectively. Also,
hsa-miR-514a-1 negatively correlates with BC recurrence.[80] On
the other hand, the second CART model presents predictive
combinations of 4 isomiRs: hsa-miR-450a-1, hsa-miR-19b-2, hsa-
miR-92a-2, and hsa-miR-92a-1. This model is also supported by
the relevant individual roles of these four molecules. hsa-miR-

450a-1 is upregulated in BC.[81] Also, overexpression of hsa-
miR-19b family members are candidate prognostic biomarkers
of BC and their involvement in the tumor progression through
the PI3K/AKT pathway has also been documented.[82,83] Down-
regulation of hsa-miR-92a family members is also associated
with aggressive BC and high tumor macrophage infiltration.[84]

Hsa-miR-92a family members are also involved in the forma-
tion of blood vessels and the development of some mammalian
organs,[85] with their aberrant expressions being highly associ-
ated with different malignant human tumors.[86–88] Therefore,
they have been reported as a potential therapeutic target and
novel diagnostic biomarker of human tumors.[89] In addition,
hsa-miR-92a is involved in apoptosis, cell proliferation, and dox-
orubicin chemosensitivity in gastric carcinoma cells, with the
suppression of hsa-miR-92a leading to DNA damage foci and
thus sensitivity to doxorubicin treatment.[90]

In addition to doxorubicin response, individual miRNAs are
often associated to other cancer patient outcomes. They play sig-
nificant roles in RNA silencing as well as post-transcriptional
regulation of gene expression.[91,92] As miRNAs play critical
roles in gene regulation and drug resistance, their dysreg-
ulation could promote cancer development, recurrence, and
chemoresistance.[93,94] MiRNAs can be used as tools or targets
for the treatment of different cancers[95] because of their es-
sential roles as gene regulators for various human cancers.[96]

Hundreds of genes, including oncogenes and tumor suppres-
sor genes, can be regulated by a single miRNA binding to their
mRNA transcripts.[97,98] Conversely, a single mRNA transcript
can bind different miRNAs. That is, one single miRNA usually
targets many genes and different miRNAs might regulate the
same gene.[91]

To reveal the most predominant BC-specific biological pro-
cesses underpinning primary resistance to doxorubicin, EA for
the 23 predicted BC-associated genes targeted by our predicted
miRNAs revealed ten significantly (FDR < 0.05) enriched cancer-
associated biological pathways (Figure 8B), including tumor sup-
pressor activity, apoptosis, DNA damage response, bladder can-
cer, nonsmall cell lung cancer, endometrial cancer, BC pathway
among others (Table S6, Supporting Information). Eight of these
genes were enriched in the BC pathway (Figure S6, Supporting
Information), five in DNA damage response, five in apoptosis,
and so on (Table S6, Supporting Information). Details of the en-
riched genes targeted by each miRNA are reported in Table S8 of
the Supporting Information. Deregulation of any of the compo-
nents of the identified pathways listed above leads to aberrant
expression of several associated genes, consequently resulting
in different disorders or diseases, including cancer.[99] For ex-
ample, the deregulation of our predicted target genes in DNA
damage and apoptotic pathways could be a mechanism that pro-
motes patients resistance to doxorubicin, whose mechanism of
action include inducing DNA damage to trigger apoptotic cell
death.[7] This EA provides starting points for studies investigating
the molecular mechanisms of primary resistance to doxorubicin
in BC patients.

Our study has some limitations to point out. While clustering
analysis has shown that the best ML models are likely predic-
tive on an additional cohort with over a thousand BC patients
whose tumors were profiled for miRNAs and isomiRs, this is still
to be confirmed prospectively. In such prospective clinical trial,
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each BC patient would only have to be profiled pretreatment for
the 4 isomiRs selected by CART, which would represent a large
saving in time and cost with respect to determining the full pro-
file. Another limitation is that the TCGA BRCA project collected
treatment response data on a voluntary basis from hundreds of
submitting institutions. Thus, the level of curation and harmo-
nization of these datasets is likely to be much lower than that of
the molecular profiles. With that said, there is a strong signal in
treatment response data, at least for the 96 patients used for train-
ing, given that models trained on permuted response data were
significantly less predictive.

Overall, this large-scale ML analysis has led to the discovery
of highly predictive, robust and even interpretable predictors of
BC patient response to doxorubicin. These are CART models
nonlinearly combining selected miRNAs and their isoforms in
a predictive manner (EA of the genes potentially regulated by
these molecules provide starting points for mechanistic studies).
These CART models achieved median MCC values that are at
least four times higher than those based on HER2 expression and
response-permuted data. Importantly, the MCC of these models
increased with larger training sets, therefore these should be-
come even more predictive as more data are available in the fu-
ture.

4. Experimental Section
Acquisition, Retrieval, and Preprocessing of Drug Response Data: The

open-access clinical and biospecimen files of the primary tumor samples
in the TCGA-BRCA project were downloaded from the GDC portal (ver-
sion 25.0, July 22nd, 2020 release). Note that this TCGA acronym stands
for Breast Invasive Carcinoma, not the BRCA gene. To avoid confusion, BC
was employed to refer to this cancer type, for which TCGA contains data
for 1098 patients. To curate these datasets, misspellings, formulations,
and synonyms (e.g., adriamycin, doxil, doxorubicinum, liposomal doxoru-
bicin, and doxorubicin liposome) of the drug as annotated in the Drug-
Bank database[100] to its generic name (doxorubicin), were first standard-
ized. Next, the 332 BC patients who received doxorubicin were identified.
Among these patients, those without annotated doxorubicin responses,
those missing sample collection and treatment start dates were excluded.
Thus, 236 (71.1%) of patients were excluded from the study for these rea-
sons. After these filtering steps, 96 BC patients treated with doxorubicin
were retained (these patients did not receive chemotherapy prior to tumor
sampling, as indicated by the times of tumor sample procurement and
the start of treatment). 78 (81.3%) of whom had a tumor biopsy taken,
while the remaining 18 (18.7%) had their tumors surgically resected in-
stead. Patient responses to doxorubicin-containing treatments, complete
response (CR), partial response (PR), stable disease (SD), and progressive
disease (PD), were provided by the TCGA-BRCA project. As it is common
practice,[26,101] such responses were further categorized into two classes:
responder (CR or PR) and nonresponder (SD or PD). This process resulted
in a total of 87 responders and 9 nonresponders (Table S1, Supporting In-
formation).

Acquisition, Retrieval, and Preprocessing of Molecular Profiling Data: The
open-access molecular profiles for the 1098 TCGA-BRCA patients were
also downloaded from the GDC portal. This was restricted to baseline
primary tumor samples (i.e., those annotated with “01” in the 14th and
15th positions of the TCGA sample code). A few patients had multiple tu-
mor samples sequenced. In this case, the first labeled sample was chosen,
which corresponds to the A-level sample (e.g., TCGA-02-0001-01A). To re-
duce technical variability, the primary analysis of profiling data was har-
monized by the GDC (i.e., carried out according to the same standardized
GDC workflows). All the nonrestricted-access profiles were considered for
these patients. Thus, eight molecular profiles per patient were considered:
mRNA(FPKM) are the messenger RNAs as Fragment Per Kilobase of tran-

script per Million, mRNA(FPKM-UQ) are the messenger RNAs as Upper-
Quantile-normalized FPKM, miRNA are the log2-transformed Reads Per
Million mapped-normalized microRNAs, isomiR are the log2-transformed
Reads Per Million mapped-normalized miRNA isoforms expression at a
given locus that are distinguished by their location within the locus, CpG
are the DNA methylation beta values of 450k probe at known CpG sites,
CGI are the averaged beta values of all the probes at the CpG sites of
the corresponding CpG Island, CNV(mean) are the Copy Number Variants
calculated using CNTools R packages as the mean of DNA copy number
across the segments of the considered gene, and CNV(median) is calcu-
lated in the same as CNV(mean) except using the median instead of the
mean. Each molecular profiling dataset was used as a set of features for
building models using a range of ML algorithms.

Preparing Datasets for ML: Only some doxorubicin-treated BC patients
have both treatment responses and molecularly profiles annotated. The
number of doxorubicin treated BC patients along with the number of fea-
tures of each dataset was reported in Figure S1 of the Supporting Informa-
tion. Each individual dataset was split into training and testing set using
stratified K-fold[102] CV, with K values being 3, 5, and 10. The predictions
from each left-out CV fold were merged prior to calculating a given evalu-
ation metric (e.g., MCC), instead of calculating the metric for each left-out
fold and average them. This provides a more robust estimation of the met-
ric, while ensuring that the prediction of each instance from the CV was not
used in any way for the training or selection of its corresponding model.

The median results from the 5 seeds are reported for each of the 128
ML models in Figure 1 (16 ML models × 8 molecular profiles). Because of
the class imbalance of the processed datasets, the class weights were ap-
plied inversely proportional to class frequencies during model fitting. The
process was repeated five times with different random seeds. The median
of performance metrics of five repetitions was reported. All analyses were
performed using python package version 3.7.3 (https://www.python.org/)
with packages from scikit-learn (https://scikit-learn.org).

Building All-Features Classification Models: 8 ML algorithms were em-
ployed: CART,[103] random forest,[104] XGBoost,[105] LGBM,[106] Logistic
regression,[107] Linear Support Vector Machine and Radius Support Vector
Machine,[108] and K-Nearest Neighbors.[109] The model hyperparameters
were set to their default values.

Standard stratified K-fold CVs were performed to measure the model
performance for each algorithm-profile pair using all the available features
for that profile. This is called an all-features model (however, as some algo-
rithms such as CART possess embedded feature selection, the resulting
model will only employ a fraction of the features to calculate its predic-
tions). During CV, K-1 folds were used for model training, whereas the
remaining partition was used to test the trained model. Thus, each fold
was used exactly once as a test set. Therefore, for any given model, the
response of a patient was predicted using a model trained with data from
other patients.

Building OMC Classification Models: Due to the high dimensionality of
the datasets (i.e., the number of features is much larger than the number
of patients), OMC[24,53] variants of each of the 8 ML algorithms were im-
plemented to build models using only the most relevant features of the
doxorubicin response. This can remove noise from the training data and
improve the model performance. To select models with the OMC while es-
timating their performance, nested CV was carried out for each algorithm-
profile pair. In brief, OMC is comprised of three steps. First, features were
ranked according to their relevance to doxorubicin response by increasing
p-values from Analysis of Variance (ANOVA). The p-value, one per each
feature, indicates the discriminative power to distinguish between respon-
ders and nonresponders, the informative features associated with small p-
values. Then, an ML model was trained with considered subset of features
(the top 2 to n/2 subset of features, where n is the number of samples). Fi-
nally, the best-performing model was selected among all n/2 trained model
as the one with the highest MCC in the inner loop of the nested CV and
evaluated that model performance in its outer loop.

Comparing the Best ML Models to Permutation and HER2 Expression Mod-
els: As a baseline, CVs for a top model was also run with the same al-
gorithm and features, but after randomly shuffling doxorubicin response
labels across patients. This was called a permutation model.

Adv. Sci. 2022, 9, 2201501 © 2022 The Authors. Advanced Science published by Wiley-VCH GmbH2201501 (11 of 14)
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On the other hand, HER2 status has been identified as a single-gene
marker for BC patient sensitivity to doxorubicin in several studies.[22,60,61]

To compare the accuracy of the ML models at this task with that of using
HER2 only, an HER2-CART model was built using standard tenfold CV with
HER2(ERBB2) expression data derived from the mRNA(FPKM) profile.

Model Performance Evaluation: For MCC, as it is customary, the op-
erating threshold was set to 0.5. Patients with class probabilities above
this threshold were predicted to be responders, otherwise they were pre-
dicted to be nonresponders. To estimate predictive performance, the true
and predicted classes were compared. The numbers of true positive, true
negative, false positive, and false negative instances were used to calcu-
late performance metrics. The AUC of the ROC, AUC for short, was also
calculated for comparison purposes.

Clustering and Pathway Analysis of BC Patients from Selected miRNA Fea-
tures: BC patients were clustered using the predictive miRNA features
(either miRNAs or isomiRs) with an agglomerative clustering algorithm
(Ward’s linkage with Euclidean distance to calculate similarity between the
clusters of patients). A dendrogram heatmap was used to visualize the re-
sults of this clustering analysis, marking the 95 patients with high-quality
response and profiling data. Both clustering and its visualization were car-
ried out with clustermap in the seaborn package (version 0.11.2).

Data Processing for EA: To reveal the biological pathways related to
predictive miRNAs, the target genes of predictive miRNAs were predicted
using the TargetScan database (version 7.0).[63] This online miRNA target
prediction tool identify mRNA by matching the desired miRNA seed re-
gion to the conserved complementary sites (sequences) of their mRNA
targets.[110–113] It retrieves the highest number of target genes of any
database and ranks the predicted targets of each miRNA based on these
matching algorithms.[63] Then, the list of BC-driving genes was down-
load from IntOGen,[64] and COSMIC.[66] Of those, the subset of genes
in common of TargetScan, IntOGen, and COSMIC were considered as
potential BC miRNA targets. They were used as input data of EA to ex-
plore the biological relevance of predictive miRNAs. WEB-based Gene SeT
AnaLysis Toolkit (WebGestalt)[67] (www.webgestalt.org) was utilized for EA
for WikiPathway cancer, KEGG, and GO database. WebGestalt uses a hy-
pergeometric test for statistical significance, which further employed the
Benjamin–Hochberg FDR multiple-testing correction. The enriched path-
ways were identified based on FDR threshold which was set to 0.05. For
each pathway, input genes that are part of the pathway are counted and
enrichment ratio was also calculated.

Statistical Analysis: Preprocessing of data: See subsections entitled
“Acquisition, Retrieval, and Preprocessing of Drug Response Data”, “Ac-
quisition, Retrieval, and Preprocessing of Molecular Profiling Data”, and
“Preparing Datasets for ML” at the start this section.

Data presentation: Whenever relevant, Figures 2–8 present the distribu-
tions of performance metrics (e.g., Figure 3). On the other hand, Table S1
of the Supporting Information presents all the clinical data.

Sample sizes for each statistical analysis: Each sample is formed by 5
runs whose results are summarized by boxplot (Figures 3–5). Each dot
represents the model performance from that run (each using a different
random seed). The provenance of each sample is specified in the figure
captions.

Statistical methods: A two-tailed Welch’s t-tests for each considered
pair of samples. A performance difference was considered to be signifi-
cant if p-value < 0.05.

Software used for statistical analysis: Statistical analysis was carried out
using the statannot package in the python 3.7.3 software.

Code availability: The python codes and processed datasets are pro-
vided to build the best classifiers and the HER2 baseline, evaluate them
and facilitate their application to other cohorts of miRNA-profiled BC pa-
tients: https://github.com/adeolu1/BRCA_CART_model.

Supporting Information
Supporting Information is available from the Wiley Online Library or from
the author.
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Background: Gemcitabine is a first-line chemotherapy for pancreatic adenocarcinoma (PAAD), but 
many PAAD patients do not respond to gemcitabine-containing treatments. Being able to predict such 
nonresponders would hence permit the undelayed administration of more promising treatments while 
sparing gemcitabine life-threatening side effects for those patients. Unfortunately, the few predictors of 
PAAD patient response to this drug are weak, none of them exploiting yet the power of machine learning 
(ML). Methods: Here, we applied ML to predict the response of PAAD patients to gemcitabine from the 
molecular profiles of their tumors. More concretely, we collected diverse molecular profiles of PAAD 
patient tumors along with the corresponding clinical data (gemcitabine responses and clinical features) 
from the Genomic Data Commons resource. From systematically combining 8 tumor profiles with 16 
classification algorithms, each of the resulting 128 ML models was evaluated by multiple 10-fold cross-
validations. Results: Only 7 of these 128 models were predictive, which underlines the importance of 
carrying out such a large-scale analysis to avoid missing the most predictive models. These were here 
random forest using 4 selected mRNAs [0.44 Matthews correlation coefficient (MCC), 0.785 receiver 
operating characteristic–area under the curve (ROC-AUC)] and XGBoost combining 12 DNA methylation 
probes (0.32 MCC, 0.697 ROC-AUC). By contrast, the hENT1 marker obtained much worse random-level 
performance (practically 0 MCC, 0.5 ROC-AUC). Despite not being trained to predict prognosis (overall 
and progression-free survival), these ML models were also able to anticipate this patient outcome. 
Conclusions: We release these promising ML models so that they can be evaluated prospectively on 
other gemcitabine-treated PAAD patients.

Introduction

Pancreatic cancer (PC) is the seventh leading cause of death 
among all cancers (495,773 new cases and 466,003 deaths world-
wide in 2020 [1]). Surgical resection remains the only potential 
therapeutic option for patients with early-stage PC [2]. However, 
PC is difficult to diagnose due to nonspecific initial symptoms. 
Consequently, most patients are at the advanced or metastatic 
stage when they are diagnosed, where the 5-year survival rate is 
about 3% [3]. In addition, PC also lacks effective early detection 
methods, predictive biomarkers, and risk prediction models.

While several target therapies, chemotherapies, and immu-
notherapies have been approved for PC, gemcitabine has 
been widely used as the standard first-line treatment for PC. 
Gemcitabine is administered in combination with other cyto-
toxic agents, such as nab-paclitaxel, carboplatin, cisplatin, or 
oxaliplatin. Such gemcitabine-containing treatments generally 

offer enhanced patient survival and clinical benefit [4–10]. The 
anti-proliferative properties of gemcitabine come from inhibit-
ing DNA synthesis [11]. Gemcitabine requires intracellular 
phosphorylation to be converted into its active form, difluoro-
deoxycytidine triphosphate (dFdCTP), which competes with 
deoxycytidine triphosphate (dCTP) for incorporation into 
DNA during DNA elongation, resulting in inhibition of DNA 
synthesis and inducing apoptosis of cancer cells [12]. However, 
54% of gemcitabine-treated PC patients can exhibit primary 
resistance [13]. It is therefore important to find an effective way 
to anticipate which patients will benefit from gemcitabine. In 
this way, a more promising drug treatment could be adminis-
tered without delay while avoiding gemcitabine’s adverse effects 
for patients who are unlikely to respond.

Several studies examined the gemcitabine-related biomark-
ers involved in its metabolism [14,15]. Most studies about pre-
dictive markers of gemcitabine treatment response focus on 
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human equilibrative nucleoside transporter 1 (hENT1) expres-
sion, with high hENT1 expression being reported to show clini-
cal benefit in selected treatment settings and survival endpoint 
[16–19]. However, some studies did not observe these benefits 
[20,21]. This might be due to study differences such as the way 
hENT1 expression is measured, different clinical endpoints, or 
different gemcitabine combos. This study will propose promis-
ing alternatives for this marker.

Computational models exploiting multi-omics and/or clini-
copathological data to predict cancer patient outcomes have 
shown their value [22–27]. When the outcome is patient response 
to drugs, there is abundant preclinical pharmaco-omics data 
available [28]. These datasets have enabled drug response predic-
tion via univariate markers [29,30] or gene expression signatures 
[31–33]. Machine learning (ML) algorithms, such as logistic 
regression, random forest, and deep neural network, have more 
recently been implemented to analyze such datasets and offer 
opportunities in personalized therapy to better understand mech-
anisms of drug resistance [34]. There are now a plethora of stud-
ies predicting drug response using ML trained on preclinical 
pharmaco-omics data [31,35–42]. Clinical pharmaco-omics 
datasets, despite being the most relevant for the patient, are 
much less available to train and evaluate ML models [43]. This 
is the reason for the small number [44–49].

ML techniques have been proven to be powerful tools to gen-
erate predictive computational models from the typically high-
dimensional pharmaco-omics datasets. In particular, large-scale 
ML analysis, including algorithms enhancing supervised learning 
with feature selection such as optimal model complexity (OMC), 
has been shown to be advantageous [44,45,50]. To our knowledge, 
despite its promise, no study has yet applied a broad panel of ML 
algorithms to classify PC patients’ response to gemcitabine using 
various molecular profiles and clinical datasets. With this pur-
pose, we retrospectively collected molecular profiles of The 
Cancer Genomic Atlas (TCGA)-Pancreatic Adenocarcinoma 
(PAAD) tumors from the U.S. National Cancer Institute (NCI) 
Genomic Data Commons (GDC) database (https://gdc.cancer.
gov/). One of the objectives of GDC is generating standardized 
molecular profiles and clinical datasets across different cancer 
genome programs [51]. We span 8 molecular profiles ranking 
from 1,339 miRNA isoforms (isomiR) to the 450,000 DNA meth-
ylation of CpG probes and 8 ML classification algorithms that 
employed all features and OMC feature selection, producing a 
total of 128 diverse models to predict PAAD patients’ responses 
to gemcitabine. The goal of this study is to identify the robust ML 
model to classify gemcitabine responders and nonresponders in 
PAAD patients and to compare the predictive performances to 
gemcitabine single-gene marker.

Methods

Clinical data acquisition and preprocessing
The most common type of PC is PAAD [52]. The open access 
molecular profiling and clinical data of 185 primary pancreatic 
tumor samples in TCGA-PAAD project was downloaded from 
GDC application programming interface (API) (version 25.0). 
Neuroendocrine tumors and other noncancerous samples were 
thus not considered. To ensure the consistency of drug name, 
misspelling and synonyms (e.g., gemzar and gemcitabine HCl) 
of drugs were standardized according to the NCI drug diction-
ary and DrugBank to gemcitabine. Then, drug response infor-
mation for each patient was obtained by querying the clinical 

records. The patients with missing gemcitabine response or 
responding inconsistently to a drug were excluded to retain 
only valid records. The patients who received gemcitabine prior 
to tumor resection were removed as indicated by the time of 
tumor procurement and the start of treatment. After these cura-
tion steps, 70 gemcitabine-treated PAAD patients remained. 
The gemcitabine responses provided by TCGA-PAAD were 
binarized into 2 classes: responder and nonresponder. We 
defined a responder as a patient who had complete response 
(CR) or partial response (PR), and a nonresponder as a patient 
who had stable disease (SD) or progressive disease (PD). TCGA-
PAAD reports best response over the entire treatment period, 
starting from the initiation of the treatment until the end of treat-
ment, i.e., not only the response observed at last follow-up.

Molecular data acquisition and preprocessing
The curated gemcitabine responses were combined with the 
corresponding molecular profiles via TCGA patient IDs. Eight 
molecular profiles provided by GDC were considered in this 
analysis. The mRNA and miRNA expressions were generated 
from next-generation sequencing (NGS). mRNA(FPKM) was 
defined as mRNA in fragment per kilobase of exon per million 
mapped fragments (FPKM) unit, while mRNA(FPKM-UQ) 
was defined as mRNA in upper-quartile normalized FPKM 
unit. miRNA and isomiR were log2-transformed reads per 
million mapped reads (RPM). CpG (5′-cytosine-phosphate-
guanine-3′) is beta values of DNA methylation level at known 
CpG sites using about 450,000 probes from Illumina Human 
Methylation 450 BeadChip. CGI is the average methylation 
beta of all probes’ values at known CpG sites corresponding 
to their CpG island. CNV(mean) is the average of copy number 
variations (CNVs) across segmented DNA corresponding to their 
gene using CNTools (version 3.8) of R package (version 3.5.1). 
CNV(median) is determined in the same way as CNV(mean), 
except the median is calculated. Those features missing any 
value across patients were removed. Thus, 8 datasets were gen-
erated, where each dataset was served as a set of features and 
subjected to ML classification algorithms to make the predic-
tions. Note that we consider slightly different profile normaliza-
tion to elucidate the impact of these differences on ML model 
performance.

Data preparation for ML
A computational framework was developed to estimate the 
predictive ability of molecular profiles on PAAD patients’ 
response to gemcitabine as shown in Fig. 1. In brief, each data-
set was randomly split into a training and testing set using 
stratified K-fold, for K values of 5, 10, and 70. Eight ML clas-
sification algorithms, including classification and regression 
tree (CART), random forest (RF), extreme gradient boosting 
(XGBoost), light gradient boosting machine (LGBM), logistic 
regression (LR), support vector classifier (SVC) with linear 
kernel, SVC with the radial basis function (RBF) kernel, and 
k-nearest neighbors (KNN) algorithms, employed all features 
and OMC feature selection, producing a total of 128 models 
that were used to predict patients’ responses to gemcitabine. 
We performed 5 K-fold cross-validation (CV) repetitions, each 
with different random seed to assess the variability of resulting 
ML models. The median of evaluation metrics across 5 repeti-
tions was reported. All analyses of this study were performed 
using Python version 3.7.3 (https://www.python.org/) and 
scikit-learn version 0.24.2 (https://scikit-learn.org).
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Building all-features classification models
Stratified K-fold standard CV runs were performed to estimate 
the predictive performance of ML algorithms for classification 
using all available features in each molecular dataset. After par-
titioning of the samples into K-folds, one of the K-folds was 
used as the test set for testing the model trained on the remain-
ing K − 1 folds. The CV process was then repeated K times with 
each one of the K-folds used sequentially once in the test set. 
CV ensures that each patient has exactly one out-of-sample 
prediction regardless of the value of K. Model performance was 
not calculated on the test set of every fold and then averaged 
because each of the test sets would be too small and thus harm 
comparison to CV with other K values. As it is common with 
low-sample scenarios, we used instead a merged CV, where the 
70 out-of-sample predictions were merged from all folds and 
Matthews correlation coefficient (MCC) was calculated once 
with all 70 samples.

Building OMC classification models
The OMC models [45] were implemented in this study to over-
come the high dimensionality problem, in this case, the number 
of features is larger than the number of patients. Stratified 
K-fold nested CV was performed to estimate how well classi-
fication ML algorithms perform using only the most relevant 
features to gemcitabine responses. In brief, the analysis of vari-
ance (ANOVA) test was used to calculate the P value of each 
feature, with a low P value indicating high discriminative power 

in terms of gemcitabine response. Then, classification algo-
rithms were trained on only the considered subset of features 
(the top 2 to n/2 subset of features, where n is the number of 
samples). Among all n/2 trained models in the inner loop of 
the nested CV, the best model that achieved the highest MCC 
was selected and used to predict samples in its outer loop. The 
resulting 70 out-of-sample predictions were also merged from 
all folds, and each model performance metric was calculated 
once with all 70 samples.

Building a model based on hENT1 expression
hENT1 has been identified as a prognostic molecular marker 
in PC patients treated with gemcitabine [16,17]. To compare 
the performance of the best models to that of using a single 
hENT1 gene only, hENT1 expression derived from the 
mRNA(FPKM) profile was trained on the same algorithms as 
the 2 most predictive models (RF and XGBoost) using stan-
dard 10-fold CV from merging the out-of-sample predictions 
from the 10 folds.

Model performance evaluation
When a model estimated real-valued class probabilities, these 
were transformed to binary classes by setting a threshold to 0.5. 
The probabilities above this threshold were classed as respond-
ers; otherwise, they were classed as nonresponders. The 4 con-
fusion matrix categories, including true positives (TP), true 
negatives (TN), false positives (FP), and false negatives (FN), 

Fig. 1. ML workflow to predict PAAD patient response to gemcitabine. The TCGA-PAAD clinical, biospecimen, and molecular profiles comprising mRNA in FPKM, and FPKM-UQ 
unit, miRNAs and isoforms, copy number variation, DNA methylation at CpGs, and CGI profiles from high-throughput technologies of patient tumors were retrieved from the 
NCI GDC. These molecular profiles were matched with corresponding clinical information using the patient’s TCGA barcode. The samples meeting the exclusion criteria were 
filtered out to retain only valid high-quality records. Each molecular profile of the tumors was preprocessed and subsequently submitted by each of the 8 supervised learning 
algorithm analyses. The performances of the resulting all-features ML models were evaluated by 10-fold CV (5 repetitions per model, each using a different random seed). 
Thus, 5 MCC and ROC-AUC determinations were carried out for each model. To mitigate the high dimensionality of the datasets, each of the 8 algorithms was coupled with 
the OMC strategy, with the resulting models undergoing identical performance evaluation. Overall, a total of 128 ML models (16 binary classification models for each of the 
8 molecular profiles) were evaluated on the same cohort of patients. Further details can be found in the Methods section.
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were counted and used to calculate performance metrics includ-
ing MCC and receiver operating characteristic–area under the 
curve (ROC-AUC).

Construction of protein–protein interaction (PPI) 
network
To unravel the relationships among the genes corresponding 
to 12 predictive CpG probes, these genes were mapped to 
STRING database version 11.5 (https://string-db.org/) [53] to 
retrieve both known and predicted protein–protein interac-
tions (PPIs). We limited the species to “Homo sapiens” and 
required at least the minimum confidence interaction score 
(combine score > 0.15). The text mining, experiments, data-
base, co-expression, co-occurrence, neighborhood, and gene 
fusion evidences were included to construct PPI.

The pathway enrichment analysis
In order to understand the roles of the genes found to be asso-
ciated with the predictive CpG probes in PAAD treated with 
gemcitabine, the genes corresponding to 12 CpG probes were 
subjected to the Database for Annotation, Visualization and 
Integrated Discovery (DAVID) web server [54] for Gene 
Ontology (GO) pathway enrichment analysis. In addition, the 
Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway 
enrichment analysis was also investigated using the KEGG 
Orthology-Based Annotation System (KOBAS) web server 
(http://kobas.cbi.pku.edu.cn/) [55]. A statistically significant 
P value was calculated using a Fisher exact test, which further 
employed the Benjamini–Hochberg multiple-testing correc-
tion for the correct P value. The significant enriched pathways 
were identified based on a P value less than 0.05. For each 
pathway, input genes that are part of the pathway are counted, 
and the enrichment ratio was also calculated.

Statistical analysis
The two-tailed unpaired Welch’s t test was used to generate P 
values in data analysis. The median overall survival (OS) and 
progression-free survival (PFS) were calculated for 4 groups, 
including actual and predicted responders and nonresponders, 
representing the time point on the Kaplan–Meier plot where 
50% of the patients in each group have survived (for OS) or 
have not experienced disease progression (for PFS). Log-rank 
test was used to compute statistical differences in OS and PFS. 
The univariate and multivariate Cox regression analyses were 
performed to assess hazard ratio (HR) and 95% confidence 
intervals (CIs) of gemcitabine response predictors (4 mRNAs 
and 12 CpG probes). A P value less than 0.05 was considered 
as statistically significant.

Results
A total of 70 molecularly profiled PAAD patients treated with 
gemcitabine (41 nonresponders and 29 responders) were derived 
from TCGA-PAAD project. The patient’s distribution and avail-
able features of each molecular profile, spanning from the 1,339 
miRNA isoform expressions to the 450,000 methylation levels 
of DNA probes, were presented in Fig. S1. We trained each of 
8 molecular profiles from PAAD patients’ tumor on 8 classifica-
tion ML algorithms with and without OMC feature selection, 
producing a total of 128 gemcitabine response prediction mod-
els. Computational pipeline is described in the Methods section 
and is represented in Fig. 1.

ML model performances at predicting PAAD patient 
response to gemcitabine
For each of the algorithm–profile pair, the model performance 
was evaluated by stratified 10-fold CV with 5 repetitions, each 
repetition with a different random seed. Figure 2 shows the 
out-of-sample median MCC (mMCC) of the 5 repetitions (the 
boxplot with these 5 MCC determinations can be seen in Fig. 
S2). OMC models, which are enhanced with further feature 
selection, tend to perform better than all-features models. 
Indeed, only 31 (48.4%) of the 64 OMC models yield mMCC 
values below 0.1, compared to 56 (87.5%) of the all-features 
models. Models exploiting mRNA and DNA methylation pro-
files distinguish responders from nonresponders with mMCCs 
of over 0.3. Both mRNA(FPKM) and mRNA(FPKM-UQ) 
exhibited the similar predictive performances regardless of nor-
malized gene expression metrics used. mRNA(FPKM) achieved 
the highest MCC; hence, it is recommended for this challenging 
problem. RF-OMC and LR-OMC incorporating mRNAs are 
the 2 best ML models, achieving mMCC of 0.44, and 0.4, 
respectively. In addition, XGBoost incorporating DNA meth-
ylation of CpG probes obtained mMCC of 0.32. Such poor 
performance was also observed when using SVC for these prob-
lem instances. All nonresponders were misclassified using some 
molecular profiles [either mRNA(FPKM), mRNA(FPKM-UQ), 
CpG, or CGI], leading to undefined MCCs. Median ROC-
AUCs range from 0.407 to 0.674 (Fig. 2).

OMC models are generally more predictive while 
retaining a concise subset of predictive features
OMC is the process of selecting the most informative features 
that considerably reduces the number of features for model 
building. As shown in Fig. 2, the OMC models tend to be more 
predictive, whereas the all-features models obtained a near-
random predictive level. The most predictive models with an 
mMCC of at least 0.3 were OMC models that employed either 
mRNAs or CpG probes (Fig. S3). These 7 predictive OMC 
models also obtained the highest median ROC-AUCs in this 
challenging problem, ranking from 0.654 with CART-OMC 
employing mRNA(FPKM) to 0.785 with RF-OMC employing 
mRNA(FPKM) (Fig. 3). We employ MCC as the main evalu-
ation metric, as it is less flattering than ROC-AUC.

The differential expression of the gemcitabine 
predictors
mRNA expression is the most predictive profile for stratifying 
PAAD patients treated with gemcitabine, giving the highest 
MCC. Four (SEPW1P, RP11-179A10.1, ATF4P4, and CTC-
429L19.3) of 60,483 mRNAs are the most predictive features 
selected by RF-OMC that employed mRNA(FPKM) profile 
(mMCC of 0.44). Figure 4 and Table S2 show the differential 
expression of these 4 predictive genes between the responders 
and nonresponders using two-sided Welch’s t test. All these 4 
predictive genes are significantly (P < 0.01) up-regulated in 
responders compared to nonresponders. CTC-429L19.3 is the 
most expressed genes, while ATF4P4, RP11-179A10.1, and 
SEPW1P are the least expressed genes. Interestingly, these 4 
predictive genes were commonly selected by other 5 most pre-
dictive OMC models with an mMCC of at least 0.3 employing 
mRNA profiles (Table S3). In particular, CART-OMC, the sec-
ond most predictive model that employed mRNA(FPKM), also 
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combined the same 4 predictive mRNAs to build classification 
tree (mMCC of 0.35) (Fig. S4).

While 12 of 450,000 CpG probes [cg03208198 (COL18A1 
and MIR6815), cg07239938 (ELANE), cg11528307 (C14orf80 
and CRIP1), cg15200796 (TMEM191C), cg16049691 (AHRR), 
cg16379910 (B2M), cg17804635 (ZNF703), cg23854567 (PXN), 
cg24128434 (DNAH2), cg25653341 (PLOD3), cg27152190 
(RP11-429P3.3), and ch.2.184672693R] were selected as predic-
tive features by XGBoost-OMC that employed DNA methyla-
tion of CpG profile, the genes found to be related to each of these 
probes are between the brackets except for ch.2.184672693R for 
which GDC did not report any associated genes. Two-sided 
Welch’s t tests show that the responders had significantly (P < 
0.01) higher DNA methylation of these predictive CpG probes 
than nonresponders, except cg03208198, which showed lower 
DNA methylation in responders (Fig. 4 and Table S2). In addi-
tion, the feature importance for the top 2 best models was shown 
in Fig. S10. It has been found that ENSG00000267197.1 was 
selected by RF-OMC model as the most important feature in 
predicting gemcitabine response (Fig. S10A), while cg27152190 
is the most importance feature for XGBoost-OMC model pre-
diction (Fig. S10B).

PPI network analysis of genes corresponding to the 
12 predictive CpG probes
The interactions among the genes corresponding to 12 predic-
tive CpG probes were assessed using STRING web server [53], 
which integrates both known and predicted PPIs. Deciphering 
the protein interaction network could help in understanding 
the physical and functional associations of these protein that 

could influence chemo-susceptibility. Eleven of 13 genes cor-
responding to predictive CpG probes were mapped in the 
STRING database, while the remaining 2 non-protein-coding 
genes were not mapped (MIR6815 is miRNA, and RP11-429P3.3 
is antisense). Figure 5 shows the network with 11 nodes and 14 
edges of PPI. The nodes are proteins, while edges are their inter-
actions (PPI enrichment P value of 0.035). The known and pre-
dicted interactions were observed among 6 proteins (CRIP1, 
PXN, COL18A1, B2M, ELANE, and PLOD3). TMEM191B and 
DNAH2 were linked with text mining of scientific literature evi-
dence. The remaining 3 genes (C14orf80, AHRR, and ZNF703) 
were disconnected nodes in the network. These 13 genes cor-
responding to predictive CpG probes were also enriched in 
cancer-associated pathways in GO and KEGG pathway enrich-
ment analysis (see the next section). Overall, the results show 
that these gene interactions could contribute to the gemcitabine 
resistance in PAAD patients.

An analogous analysis could not be performed with the 4 
predictive mRNAs, as these do not code for proteins and hence 
are not included in the STRING database. Two of them (ATF4P4 
and SEPW1P) are annotated as pseudogenes, while the other 2 
(RP11-179A10.1 and CTC-429L19.3) are long noncoding RNAs.

GO and KEGG pathway enrichment analysis of genes 
corresponding to the 12 predictive CpG probes
The GO enrichment analysis of genes corresponding to 12 pre-
dictive CpG probes revealed a total of 43 significantly (P < 0.05) 
enriched GO pathways (Fig. S5 and Table S4) across 3 GO 
categories: biological process (BP), cellular component (CC), 
and molecular function (MF). By analyzing BP, we found that 

Fig. 2. Heatmap presenting the mMCC of the five 10-fold CV repetitions for each of the 128 models. The vertical axis shows the considered molecular profiles, while the 
horizontal axis shows the ML algorithms used. The first 8 columns on the left show supervised ML algorithms implemented with OMC feature selection considering only 
the subset of informative features during the model training (the suffix “OMC” was added to the algorithm name), while the remaining 8 columns on the right show the 
corresponding algorithms that used all features available in datasets. Five MCCs were obtained from five 10-fold CV runs ranking from −1 to 1. The mMCC was shown in the 
heatmap. A positive MCC means that the model accurately predicts gemcitabine responses better than a random classifier. MCC of 0.0 indicates a prediction no better than 
a random. A negative MCC means that the model performs worse than a random. A model that obtained undefined MCC, predicting the same class for all instances where the 
denominator of MCC is zero, is indicated as blank boxes. The 2 most predictive molecular profiles were mRNA expression and DNA methylation of CpG: mMCC of 0.44 from 
RF-OMC using mRNA expression profiles and mMCC of 0.32 from XGBoost-OMC using DNA methylation of CpG profile. In addition, the OMC models tend to perform better 
than the corresponding all-features models.
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genes were enriched in 39 GO BP pathways. Most of these 
pathways are cancer-related pathways and contributed to can-
cer progression, for example, cell differentiation and develop-
ment, cell proliferation, regulation of cell adhesion, and cell 
motility. Cancer cells undergo rapid proliferation and migra-
tion [56]. Cellular adhesion is also an important process in 
cancer progression, as it allows cancer cells to interact with and 
invade surrounding tissue [57]. Additionally, the extracellular 
matrix and extracellular structures are important components 
of the tumor microenvironment and play a critical role in can-
cer progression [58]. These pathways provide insights into the 
underlying biological mechanisms that drive cancer develop-
ment. Interestingly, 8 genes (COL18A1, PXN, ZNF703, AHRR, 
PLOD3, CRIP1, B2M, and ELANE) were predominantly enriched 
in response to chemical and response to stimulus pathways. 
Dysregulation of these 8 enriched genes in response to chemical 
or stimulus pathways could promote carcinogenesis and drug 
resistance [59–61]. Six of these 8 enriched genes were also linked 
with known and predicted interaction evidences in PPI net-
work, suggesting that these genes may function in coordinated 
manner and contributed to drug resistance (Fig. 5). Furthermore, 
GO enrichment through CC showed that the terms endoplasmic 
reticulum lumen, macromolecular complex, and specific granule 

lumen indicate an intracellular localization where they are 
likely to interact. By analyzing MF, 2 genes were enriched in 
transcriptional repressor activity and RNA polymerase II tran-
scription factor binding pathways. This pathway was related to 
gemcitabine mechanism, which was involved in negative regu-
lation of transcription from an RNA polymerase II promoter 
that led to apoptosis [62].

The KEGG pathway enrichment analysis (Table S5) showed 
that genes corresponding to CpG probes were significantly 
(P < 0.05) enriched in 10 KEGG pathways, with the metabolism 
of xenobiotics by cytochrome P450 pathway being particularly 
noteworthy due to its involvement in drug metabolism and 
patient response to treatment. Overexpression of cytochrome 
P450 causes rapid drug elimination before it reaches the target 
site [63]. Moreover, antigen processing and presentation path-
way is critical for the recognition of tumor cells by the immune 
system. Tumor cells can present antigens on their surface, 
which can be recognized by T cells and trigger an immune 
response. Immunotherapy approaches such as immune check-
point inhibitors target this pathway to enhance T cell activity 
and improve antitumor immunity [64].

Fig. 3. ROC-AUC across five 10-fold CV runs of the 7 most predictive models with 
the highest median ROC-AUC. (A) Highest ROC-AUC among five 10-fold CV runs for 
each model. A ROC curve depicts the trade-off between the true-positive rates and 
the false-positive rates of a classifier by varying the threshold of the probability of 
response. A ROC-AUC of 1 is the best model performance at distinguishing between 
responders and nonresponders, while a ROC-AUC of 0.5 corresponds to the random 
guessing denoted by a dashed line. RF-OMC that employed the mRNA model has the 
highest ROC-AUC of 0.785. (B) ROC-AUC variability across the five 10-fold CV runs 
for each of the 7 most predictive models with the highest median ROC-AUC. The 
horizontal dashed line at 0.5 represents random-level performance.

Fig. 4. Boxplot showing the differential expression of the predictive genes and 
DNA methylation of CpG probes between responders and nonresponders. The y 
axis represents the normalized expression level for 4 predictive genes from RF-
OMC employing mRNA(FPKM) profile (A) and 12 predictive DNA methylation CpG 
probes from XGBoost-OMC employing CpG profile (B) between responders and 
nonresponders. The corresponding gene(s) for each CpG probe can be found in Table 
S6. The orange line inside each boxplot represents the median expression across 
patients for a given feature, while the green triangle represents the mean expression. 
The boxplot for each feature contains the P value of mean differential expression 
between responders and nonresponders using a two-sided Welch’s t test. ****P ≤ 
0.0001, significant difference in expression levels between 2 groups.
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Altogether, our findings show that dysregulation of DNA 
methylation of predictive CpGs in this study could be associ-
ated to the alteration of their corresponding genes and path-
ways in which they are involved, leading to cancer development 
and gemcitabine resistance in PAAD patients. The pathway 
enrichment analysis provides insight into the underlying bio-
logical mechanisms of genes corresponding to predictive CpG 
that could be targeted for cancer therapy. However, functional 
validations are needed to test our bioinformatics findings.

Assessing the robustness of the best model in 
predicting PAAD patients’ gemcitabine responses
We next investigated the effect of training dataset sizes on the 
predictive performance of the best model. Leave-one-out CV 
(LOOCV), 5-fold CV (5CV), and 10-fold CV (10CV) were used 
to evaluate the RF-OMC that employed mRNA(FPKM) profile 
model performance. All the CVs were repeated exactly in the 
same manner for all-features models. The MCCs and ROC-
AUCs of 5 repetitions, each with different random seeds, are 
presented in Fig. 6. The results show the improvement in pre-
dictive performances as we increase the training dataset size 
from 80% of the data in 5CV to 99% of the data in LOOCV, 
while all-features models obtained a near-random predic-
tive level and were significantly worse than those obtained 
from OMC models in all cases (Fig. 6). We also investigated 
whether the performances obtained from the signal in the data-
set was better than what would be predicted by chance from 

class-permuted version. As a result, all permutation models 
were significantly worse than those arising from OMC models 
in all cases (Fig. S6). The similar result was obtained when using 
XGBoost-OMC, which employed DNA methylation of CpG 
profile and showed improved predictive performance as the 
training dataset size increased (Fig. S9).

CpG-based XGBoost-OMC can predict survival of 
gemcitabine-treated PAAD patients
We evaluated the OS (defined as the time interval from the date 
of diagnosis to death or the last known follow-up date) and PFS 
(defined as the time interval from the date of diagnosis to disease 
progression or the last known follow-up date) time difference 
between actual and predicted responders and nonresponders 
by the XGBoost-OMC combined 12 CpG probes. Among 70 
patients with survival data and gemcitabine responses, 41 
(58.6%) nonresponders and 29 (41.4%) responders (Fig. 7A), 
XGBoost-OMC incorporating 12 CpG probes classified these 
patients into 43 predicted nonresponders and 27 predicted 
responders. The confusion matrix was shown in Table S3.

Fig. 5. The PPI network analysis. The genes associated with the 12 predictive CpG 
probes (Table S8), as annotated by the GDC, were input into STRING database for 
PPI network analysis. Out of 13 genes corresponding to predictive CpG probes, 11 
protein-coding genes were found in the STRING database, while the remaining 
2 genes (MIR6815 and RP11-429P3) were not found as they are non-protein-coding 
genes (MIR6815 is miRNA, and RP11-429P3.3 is antisense). These 11 protein-coding genes 
were connected by 14 edges representing their known and predicted interactions 
as shown in the legend. A PPI enrichment P value of 0.035 was obtained, indicating 
that the protein input has more interactions among themselves than what would 
be expected for a set of proteins of the same size and degree distribution drawn at 
random from the genome. As a result, the proteins were connected as a group. The 
nodes in the PPI network represent proteins, and the edges represent their known 
and predicted interactions.

Fig. 6. The impact of training dataset size on the performance of best model versus 
its corresponding all-features model. The boxplots present the distributions of MCC 
(A) and ROC-AUC (B) obtained across five 10-fold CV runs of RF-OMC employing 
mRNA(FPKM) profile with 5CV, 10CV, and LOOCV (i.e., K = 5, 10, and 70, respectively). 
RF incorporated OMC feature selection (RF-OMC) was represented in deep purple, 
while RF trained on all available 60,483 mRNA features [RF(all-features)] was 
represented in light purple. Each boxplot contains the P value of mean differential 
expression between 2 groups with a two-sided Welch’s t test. ****P ≤ 0.0001. The 
model performances improved as the training dataset size increased. In addition, the 
OMC models significantly outperformed the corresponding all-features models in all 
CVs. The dashed line represents the random classifier at MCC of 0 and ROC-AUC of 
0.5. MCC or ROC-AUC of 1 indicates a perfectly accurate prediction.
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The median OS and PFS were calculated for 4 groups, 
including actual and predicted responders and nonresponders 
by the XGBoost-OMC model. The median OS and PFS were 
not significantly different between the actual and the predicted 
responders (log-rank test P value of 0.19 for OS and 0.14 for 
PFS) and nonresponders (log-rank P value of 0.33 for OS and 
0.11 for PFS). The actual responders had significantly longer 
OS (median OS was 72.7 months) and PFS (median PFS was 
53.3 months) than actual nonresponders (median OS was 
19.7 months; median PFS was 12.1) with log-rank test P value < 
0.005. Similarly, the predicted responders had longer OS (median 
OS was 35.3 months) and PFS (median PFS was 17.1 months) 
compared to the predicted nonresponders (median OS was 
20.6 moths; median PFS was 13.1). However, the difference was 
not statistically significant with log-rank test P value of 0.19 
and 0.09 in OS and PFS, respectively (Fig. 7B).

mRNA-based RF-OMC can also predict survival of 
gemcitabine-treated PAAD patients
Among 65 mRNA profiled patients, 36 nonresponders and 29 
responders (Fig. 8A), RF-OMC incorporating 4 mRNAs classi-
fied these patients into 35 predicted nonresponders and 30 pre-
dicted responders. The confusion matrix was shown in Table S3. 
The median OS and PFS were not significantly different between 
the actual and the predicted responders (log-rank test P value of 
0.21 for OS and 0.15 for PFS) and nonresponders (log-rank P 
value of 0.45 for OS and 0.20 for PFS). The OS and the PFS were 
significantly longer in the actual responders (median OS was 
72.7 months; median PFS was 53.3 months) compared to the 
actual nonresponders (median OS was 17.7 months; median PFS 
was 10.2 months) with log-rank test P value < 0.005. Similarly, 
the OS and PFS were longer in the predicted responders (median 
OS was 35.3; median PFS was 16.4) compared to the predicted 
nonresponders (median OS was 21.1; median PFS was 12.2) with 
log-rank test P value of 0.19 for OS and 0.04 for PFS (Fig. 8B).

Notably, the median OS and PFS time of actual response to 
gemcitabine and those predicted by CpG-based XGBoost and 
mRNA-based RF-OMC models exhibited the similar results. 
The median PFS of predicted responders and predicted non-
responders by the mRNA-based RF-OMC model shows a sta-
tistically significant difference (log-rank test P value of 0.04), 
despite the small sample size (Fig. 8B). This suggests that RF-
OMC combining 4 mRNAs could be a prognostic predictor of 
gemcitabine-treated PC patients.

Identification of the predictive 4 mRNAs and the 
12 CpG probes as the independent survival predictors 
in gemcitabine-treated PAAD patients
We next investigated whether gemcitabine response predictors 
(predictive 4 mRNAs and 12 CpG probes) could be survival 
predictors in PAAD patients. The univariate Cox regression 
analysis of 4 mRNAs from 65 mRNA profiled patients revealed 
that 3 genes could be independent biomarkers for prediction 
of OS and PFS (P < 0.05) (Fig. S7A). The high expression of 
SEPW1P (HR = 0.59 for OS; HR = 0.72 for PFS), RP11-
179A10.1 (HR = 0.63 for OS; HR = 0.58 for PFS), and CTC-
429L19.3 (HR = 0.64 for OS; HR = 0.58 for PFS) was 
significantly associated with improved OS and PFS, but it was 
not significant in multivariate Cox regression analysis (Fig. S7, 
A and C). These finding were consistent with the differential 
expression of these 4 mRNAs, which were shown to be highly 
expressed in responders (Fig. 4).

Furthermore, the univariate analysis of the 12 CpG probes 
from 70 DNA methylation profiled patients revealed that 3 CpG 
probes could be used as independent biomarkers for OS pre-
diction (P < 0.05) (Fig. S7B). The high DNA methylation of 
cg15200796 (HR = 0.68) and cg16049691 (HR = 0.7) was sig-
nificantly associated with improved OS. In contrast, high DNA 
methylation of cg03208198 (HR = 1.4) was significantly associ-
ated with poor OS. In addition, 4 CpG probes could be used 
as independent biomarkers to predict PFS (P < 0.05) (Fig. 
S7B). The high DNA methylation of cg07239938 (HR = 0.71), 
cg15200796 (HR = 0.77), and ch.2.184672693R (HR = 0.61) was 
associated with improved PFS, whereas high DNA methylation 
of cg03208198 (HR = 1.47) was negatively associated with PFS. 
The remaining CpG probes had no significant association with 
patient survival. In multivariate Cox regression analysis, only 
cg03208198 (HR = 1.56 for OS; HR = 1.41 for PFS) was shown 
to be significantly associated with OS and PFS (Fig. S7D). These 
results were consistent with the differential expression of these 
12 CpG probes, where high DNA methylation of cg03208198 
was associated with nonresponders, while the remaining CpG 
probes showed high DNA methylation in responders (Fig. 4). 
These suggest that gemcitabine response predictors could be used 
as independent survival predictors of PAAD patients receiving 
gemcitabine.

Subsequently, we also performed univariate Cox regression 
analysis on hENT1 gene. The result in Fig. S8A shows that 
hENT1 gene was not significantly associated with both OS 

Fig. 7. Comparison between the median OS and PFS time of actual patient response to gemcitabine and those predicted by the CpG-based XGBoost-OMC model. (A) Flowchart 
of patient selection. (B) Median OS (defined as the time interval from the date of diagnosis to death or the last known follow-up date) and PFS (defined as the time interval 
from the date of diagnosis to disease progression or the last known follow-up date) time for 4 groups, including actual and predicted responders and nonresponders by the 
XGBoost-OMC model. The median OS and PFS are defined as the time point on the Kaplan–Meier plot, where 50% of the patients in each group have survived (for OS) or have 
not experienced disease progression (for PFS). The figure highlights the ability of the CpG-based XGBoost-OMC model to accurately predict patient gemcitabine response, 
as demonstrated by the similar trend between the predicted and actual outcomes. The actual and predicted responders had longer OS and PFS than actual and predicted 
nonresponders.
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(HR = 1.01; P = 0.63) and PFS (HR = 1.0; P = 0.76) in the 
univariate model, suggesting that hENT1 gene was not prog-
nostic in PAAD patient receiving gemcitabine. In addition, Fig. 
S8B demonstrates poor patient stratification by using hENT1 
gene trained on RF model, in which there was a trend toward 
better survival in predicted nonresponders.

The effect of data integration on the gemcitabine 
response prediction
We next investigated the effect of data integration on the predic-
tive performance of the best model. The RF-OMC was trained 
on mRNA profile, clinical features (Table S1), and integrated 
mRNA and clinical features. Figure 9A shows the MCCs across 
five 10-fold CV repetitions. Combining mRNA and clinical fea-
tures (FPKM + clinical) did not improve the model performance 
(mMCC of 0.44) compared to those built on only mRNA features 
(FPKM) (mMCC of 0.44). RF-OMC prediction based on only 
clinical data (clinical) led to the lowest performance (mMCC of 
0.014). If merging the 2 best molecular profiles provided a per-
formance boost, it would justify the time and financial overhead 
of determining both profiles in every patient. However, RF-OMC 
integrating the 2 most predictive CpG methylation and mRNA 
profile performed worse than those by individual profile (mMCC 
of 0.349). Last, RF-OMC employed all the molecular profiles and 
clinical features (All_profiles) did not improve the prediction 
(mMCC of 0.253). Overall, there is no benefit in integrating 
patients’ clinical data with molecular profiles on the predictive 
performance of the best model. Importantly, increasing number 
of features could reduce the model performances as a curse of 
dimensionality. We did not carry out systematic ablation experi-
ments combining more than 2 profiles mostly due to unfavorable 
cost–benefit reasons.

Comparing the model prediction based on mRNA 
and CpG methylation profiles to the hENT1, a  
well-established gemcitabine response biomarker
Many studies reported that hENT1 has shown to be a predictive 
biomarker of gemcitabine response in PC. The high expression 
of hENT1 is associated with sensitivity to gemcitabine and 
increased overall and disease-free survival [16,17,65]. Figure 
9B shows that RF-OMC combining 4 mRNAs (mMCC of 0.44) 
significantly outperformed RF prediction using only hENT1 

gene expression (mMCC of −0.066). Similarly, XGBoost-OMC 
combining 12 CpG probes (mMCC of 0.32) obtained a signifi-
cantly higher MCC compared to XGBoost that employed only 
hENT1 gene expression (mMCC of −0.045). Table S6 also 
presents the predictive performances in terms of MCC and 
ROC-AUC. The results suggest that the prediction based on 
either 4 predictive mRNAs or 12 CpG probes outperforms 
those by hENT1 single-gene biomarker in predicting gem-
citabine responses.

Discussion
Omics-based precision oncology, also known as targeted thera-
pies or genomic medicine, has improved cancer patient manage-
ment. The focus has been on either single-gene marker [17,66,67], 
a single molecular profile [67–70], or the discovery of rare action-
able mutations [71,72]. However, predicting drug responses is a 
challenging task in oncology. Using a single-gene marker or a 
few molecular profiles is often insufficient to correctly predict 
drug responses [50,73,74]. The previous researches [44,50,75] 
demonstrated that the multiple molecular profiles provide new 
opportunities to identify robust biosignatures that can discrimi-
nate drug responses and aid to tailor treatments for individual 
cancer patients [44,50,75].

Supervised ML algorithms are increasingly being applied to 
the multiple molecular profiles as they can predict the clinical 
outcomes for new data based on what they learned from the previ-
ous data. Owing to well-curated molecular profiling data of GDC, 
we present a large-scale analysis of supervised 128 ML models 
built on multiple molecular profiles and algorithms to predict 
gemcitabine responses in 70 PAAD patients. Smaller sample sizes 
are not uncommon for cancer-specific drug response prediction 
problems [76]. Here, out-of-sample predictions were carried out 
with rigorous CV procedures, which have been shown to antici-
pate held-out test set performance in smaller datasets than the 
one used in our study [77].

Using five 10-fold CV runs, 7 of 128 (5%) models are pre-
dictive with mMCC > 0.3. These 7 predictive models were all 
OMC models. Training only the most informative features in 
OMC models increases the chance of making accurate predic-
tion by removing the irrelevant features from high dimen-
sionality dataset early prior to model training, and model 
performance improves compared to all-features models. The 

Fig. 8. Comparison between the median OS and PFS time of actual patient response to gemcitabine and those predicted by the mRNA-based RF-OMC model. (A) Flowchart of 
patient selection. (B) Median OS (defined as the time interval from the date of diagnosis to death or the last known follow-up date) and PFS (defined as the time interval from 
the date of diagnosis to disease progression or the last known follow-up date) time for 4 groups, including actual and predicted responders and nonresponders by the RF-OMC 
model. The median OS and PFS are defined as the time point on the Kaplan–Meier plot where 50% of the patients in each group have survived (for OS) or have not experienced 
disease progression (for PFS). The figure highlights the ability of the mRNA-based RF-OMC model to accurately predict patient gemcitabine response, as demonstrated by the 
similar trend between the predicted and actual outcomes. The actual and predicted responders had longer OS and PFS than actual and predicted nonresponders. D
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2 most predictive molecular profiles in this study revealed 4 
of 60,483 mRNAs (0.066%) from RF-OMC model and 12 of 
450,000 CpG probes (0.027%) from XGBoost-OMC model 
as the most informative biosignatures for predicting gem-
citabine responses in PAAD patients. These models did not 
only exhibit high out-of-sample mMCC values robust to dif-
ferent partitions and repetitions, but these values were also 
significantly higher than those from all-features models (Fig. 6) 
and class-permuted models (Figs. S6 and S9). Moreover, the 
performance of these 2 OMC models monotonically increased 
with larger training set sizes (Fig. 6). Last, note that, in general, 

other combinations of molecular profiles and algorithms will 
be predictive in different drugs and cancer types [44,45,50].

The RF-OMC model nonlinearly combined 4 predictive mRNA 
features including SEPW1P, RP11-179A10.1, ATF4P4, and CTC-
429L19.3 that have accurately predicted PAAD patients’ responses 
to gemcitabine. Two of these predictive mRNAs (ATF4P4 and 
SEPW1P) are pseudogene, while the remaining mRNAs are RNA 
genes (RP11-179A10.1 and CTC-429L19.3) (Table S7). These genes 
might be involved in drug resistance and cancer progression 
through alterations in their expression. Other studies have already 
examined the roles of these genes in other types of cancer. For 
example, depletion of SEPW1P enhances tumor suppressor activi-
ties in breast cancer [78]. The single-nucleotide polymorphisms 
(SNPs) located in long noncoding RNA RP11–179A10.1 were 
reportedly associated with poorer outcomes in ovarian cancer [79], 
but their association with PAAD has not been documented.

Previous studies have shown that potential cancer biomark-
ers can be identified using DNA methylation profiles [80–82]. 
In this study, we could identify 12 DNA methylation of CpG 
probes affecting 14 genes as the predictive biomarkers of gem-
citabine responses in PAAD patients by XGBoost-OMC model. 
The genes found to be associated with these CpG probes are 
presented in bracket: cg03208198 (COL18A1 and MIR6815), 
cg07239938 (ELANE), cg11528307 (C14orf80 and CRIP1), 
cg15200796 (TMEM191C), cg16049691 (AHRR), cg16379910 
(B2M), cg17804635 (ZNF703), cg23854567 (PXN), cg24128434 
(DNAH2), cg25653341 (PLOD3), cg27152190 (RP11-429P3.3), 
and ch.2.184672693R (not linked to any gene). The 2 CpG 
probes (cg115283072 and ch.2.184672693R) were commonly 
selected by other models that employed CpG profile, including 
CART-OMC, LGBM-OMC, and RF-OMC, with mMCC of 0.28, 
0.18, and 0.18, respectively (Table S8). In addition, we also inves-
tigated the differential expression of gemcitabine response pre-
dictors and found that increased 4 mRNA expressions and 
DNA methylation of 11 CpG sites in pretreatment biopsies 
from gemcitabine-treated PAAD patients are correlated with 
better response to therapy, while increased DNA methylation 
of cg03208198 predicts resistance to therapy (Fig. 4). In fact, 
dysregulation of DNA methylation (hypo- or hypermethylation) 
is related to affected gene activation or associated with gene 
silencing including known tumor suppressor genes and loss of 
gene functions in cancer [83]. Some of the genes corresponding 
to the predictive CpG probes have been previously reported to 
be associated with the prognosis and clinical outcomes in vari-
ous cancers. The high expression of COL18A1 in PC [84], gastric 
cancer [85], and esophageal squamous cell carcinoma [86] showed 
poor clinical outcomes. Down-regulation of CRIP1 has also 
been identified in invasive PC [87]. ZNF703 is an oncogenic 
transcriptional regulator involved in cell adhesion, movement, 
and proliferation [88]. Overexpression of ZNF703 is linked to 
tamoxifen resistance [89]. From this subset of predictive genes, 
we carried out PPI and pathway analyses to further support 
follow-up mechanistic studies. Here, we found that the genes 
corresponding to predictive CpG probes were significantly 
enriched in a number of cancer-associated pathways and drug 
resistance from GO and KEGG pathway database (Fig. S5 and 
Tables S4 and S5).

We next analyzed the survival difference observed between 
predicted responders and nonresponders by using the best mod-
els among gemcitabine-treated PAAD patients. The Kaplan–
Meier survival analysis shows that the median OS and PFS were 
not significantly different between the actual and the predicted 

Fig.  9.  Comparison of the predictive performances of the best model to those 
combining other datasets and those using hENT1 single gene only in predicting 
gemcitabine response in PAAD patients. (A) Boxplots comparing the MCCs obtained 
from five 10-fold CV runs (each dot represents a run) of the RF-OMC prediction 
based on mRNA profile [mRNA(FPKM)], combining mRNA and clinical dataset 
[mRNA(FPKM) + Clinical], combining mRNA and CpG profile [mRNA(FPKM) + CpG] 
and clinical data only (Clinical) (Table S1), and combining all of 8 molecular profiles and 
clinical data (All_profile + Clinical). MCC ranges between −1 (misclassification) and 1 
(perfect classification), with 0 corresponding to no better than a random. Altogether, 
integrated patients’ clinical data have no effect on the predictive performance of 
the best model. Importantly, increasing number of features could reduce the model 
performances. (B) To compare the predictive performances of the 2 most predictive 
models with those using hENT1 only, hENT1 gene expression from mRNA(FPKM) 
profile was trained on the same algorithms as the 2 most predictive models (RF 
and XGBoost). Boxplots comparing the MCCs of the 2 most predictive models 
[mRNA(FPKM)_RF-OMC and CpG_XGBoost-OMC] to those using the expression 
of the hENT1 gene only (hENT1_RF and hENT1_XGBoost) in gemcitabine response 
prediction of PAAD patients. The 2 most predictive models obtained in this study 
significantly outperformed the prediction based on hENT1 expression as a single 
predictor. Statistical comparisons between different models were performed using 
two-sided Welch’s t test. Stars denote the P value, where nonsignificant “ns” means 
0.05 < P ≤ 1.00. *0.01 < P ≤ 0.05, **0.001 < P ≤ 0.01, ***0.0001 < P ≤ 0.001, 
and ****P ≤ 0.0001.
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responders and nonresponders from the best models. Both OS 
and PFS were increased in responders compared to nonre-
sponders (Figs. 7 and 8). The univariate analysis suggests that 
gemcitabine response predictors could be used as independent 
features for survival prediction of PAAD patients receiving gem-
citabine (Fig. S7). Some studies have reported these genes as 
predictors of PAAD survival outcomes [68,90]. Note that build-
ing a better predictor of PAAD survival would require consider-
ing all PAAD patients regardless of the administered drug, 
which is out of the scope of this study.

Additionally, merging features did not improve the model 
performances (Fig. 9A). Clinical features alone were barely 
predictive, and combining them with predictive mRNA profile 
did not improve the model performance. Furthermore, there 
is no improvement by integrating 2 most predictive molecular 
profiles. In addition, loss in predictive accuracy was observed 
when combining all molecular profiles and clinical features. 
These suggest that RF-OMC was not able to capture the hidden 
informative features when the dimensionality dataset exceeded 
500,000 features.

Furthermore, several studies have reported hENT1 expres-
sion as a gemcitabine response biomarker in PC [16,17], but the 
mMCC across five 10-fold CV runs was barely predictive 
(mMCC ~ 0), while the prediction based on 4 predictive mRNAs 
(mMCC of 0.44) and 12 predictive CpGs (mMCC of 0.32) 
achieved a significantly higher performance (Fig. 9B). This 
could suggest the attractiveness of the identified biosignatures. 
However, the improvement of these ML models over the hENT-
1marker will have to be more accurately quantified in a prospec-
tive clinical trial.

Although the best models, based on mRNAs and CpG pro-
files, have predictive and robust performances, there are several 
limitations to be considered. First, this is a retrospective study 
using publicly available data from TCGA-PAAD project. While 
the number of patients is large for a cancer-specific drug response 
study (diagnosis or prognosis datasets are not restricted to a 
single administered drug and hence are larger), a larger cohort 
would further improve model performance. Indeed, as shown 
in Fig. 6, the more data used to train the model, the more accu-
rate the model. Second, an independent validation cohort would 
further test the generalizability of the best model, i.e., whether 
this is able to stratify patients with different characteristics or 
technical validations (e.g., sample preparation, sequencing pro-
cedure, and bioinformatics pipeline). With that said, this is not 
critical here as it is when using clinical trial data, as TCGA data 
come from clinical practice in different hospitals. Third, the 
effect of drug combinations could be further evaluated along 
with its individual effect, as a few patients were given other drugs 
in combination with gemcitabine.

Conclusions
In summary, this systematic ML analysis revealed the discov-
ery of predictive, reproducible, and robust gene expression 
and DNA methylation computational models for gemcitabine-
treated PAAD patients. These models can be employed as 
response signatures to guide clinicians to stratify PAAD 
patients who will respond to gemcitabine in order to propose 
other suitable drugs without delay and avoid side effects to 
patients who are unlikely to respond. In addition, these signa-
tures could be a starting point to explore the gemcitabine 
resistance mechanism.
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