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中文摘要 

隨著高通量基因定量技術的普及以及生物資訊相關演算法的日新月異，使得大

型基因體數據的取得與深入分析不再遙不可及。雖然臨床資料具有取得性以及 預後

預測準確性的優勢，但仍有部分的預後預測是需要透過基因資訊來進一步解釋。所

以如何有效地找尋適合不同癌症類型的生物標記來作為檢測或評估癌症疾病的發展

進而設計客製化的治療方針是目前生物醫學領域的一大課題。故本論文旨在不同的

基因層級上找出針對不同癌症類型病患的預後指標。本論文分成四部分: (1)比較同源

重組修復缺失的分數和相對應的預後情況在非裔、歐裔和亞裔美國人之間的差異，

再進一步探討哪種基因特徵類型以及那個基因集可以有效的檢測同源重組修復缺失

狀態; (2)透過機器學習的方式找出有效的基因表現量圖譜來建構一個可以高靈敏度

地找出高風險的卵巢癌患者風險預測模型; (3)比較 B 型肝癌和 C 型肝癌患者之間

所有腫瘤浸潤淋巴細胞的差異以及其預後的情況; (4)欲建構一個可以有效找出癌症

相關的競爭型核糖核酸的演算法。分別得到以下的結果: (1)找出族群特異性的同源重

組修復缺失基因突變圖譜，有助於客製化建立各個族群的篩選源重組修復缺失現象

病患進而提供特定的治療方針; (2)建構一個高靈敏度的高死亡風險卵巢癌患者預測

模型，且選用的基因集特徵需與卵巢癌的生物機制有相關; (3)了解在腫瘤與非腫瘤組

織的腫瘤浸潤淋巴細胞的總量差異在不同的肝癌亞型中是否一致，以及找出在不同
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肝癌亞型中哪些免疫細胞是跟預後相關的生物標記指標; (4) 建構一個穩健且可應用

的找尋競爭型核糖核酸的演算法，並透過一些下游分析來進一步解讀這樣的基因調

控事件。所以透過這些研究來找尋癌症特有的基因特徵，進而了解在癌症種類或是

其亞型與族群間的預後差異，可以針對不同癌症或是其亞型與族群設計客製化檢測

工具，以達到精準醫療的願景。 

 

關鍵字:基因表現量、腫瘤浸潤淋巴細胞、同源重組修復缺失、卵巢癌、肝癌、泛癌

症研究、競爭型核糖核酸 
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Abstract 

       With the rapid development of the next-generation sequencing techniques and 

bioinformatics algorithms, high-throughput biological data have become less expensive and 

more accessible such that more studies can explore to a greater level the genetic impacts on 

various diseases. Although clinical data has the advantage of its accessibility and accuracy 

of prognostic prediction, 30-40% of patients fail to use clinical factors to evaluate their 

prognostic outcomes. Therefore, effectively identifying genomic biomarkers for the 

prognostic evaluation and the guidance of the necessary medical intervention remains the 

main challenge in the biomedical field. Hence, this dissertation aims to define prognostic 

biomarkers specifically for patients with particular cancer types using DNA- or RNA-level 

genomic data. There are three specific objectives in this dissertation: (1) to elucidate the 

racial differences in HRD scar scores in multiple cancers and to evaluate their associations 

with clinical outcomes; also, to assess the applicability of each HRD gene-sets for each 

cancer-race group. (2) to develop a bagging-based algorithm with GA-XGBoost models that 

predicts the high risk of death from ovarian cancer using gene expression profiles; (3) to 

define the cell composition of the immune response in both HBV−HCC and HCV−HCC 

and to investigate its relationship with clinical outcomes such as overall survival and 
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recurrence-free survival; (4) to effectively identify the massive number of known ceRNA 

interactions using genome-wide transcriptome and miRNA profiles and to interpret their 

associations with cancers. Through the above studies, the results revealed that (1) a race-

specific profile of the predisposing HRD-related genes with mutations was identified for 

customized design of HRD screening approaches. (2) a robust risk prediction model using 

selected gene expression related to ovarian cancer with a high risk of death will be 

constructed; (3) whether the difference of the total amount of TILs in tumor and non-tumor 

tissues is consistent in different liver cancer subtypes, and the biomarkers that associated 

with survival outcomes between two subtypes of hepatocellular carcinomas will be unveiled; 

(4) a computational framework for the identification of ceRNA events and their biological 

interpretations. In conclusion, through these studies, we would be able to identify specific 

genomic features of cancers, understand the prognostic difference among cancer subtypes 

or racial groups, and design the customized tumor testing tools for specific cancer types or 

racial groups, reaching the ultimate goal of precision medicine. 

Keywords: Gene expression, Tumor-infiltrating lymphocytes, Homologous recombination 

deficiency, Ovarian cancer, Hepatocellular carcinomas, Pan-cancer study, Competing 

endogenous RNA 
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Chapter 1. Introduction 

1.1 The current trend of cancer prognosis  

 Cancer prognosis prediction is one of the most important issues in cancer studies. The accuracy 

of such a prediction system can provide proper medical intervention, reduce unnecessary preventive 

treatments, and eliminate the medical burden in many countries [1]. Clinical features, like age, sex, 

cancer stage and TNM (tumor-node-metastasis), have been the most common prognostic factors over 

the past decades due to the advantage of its accessibility. With the combination of proper statistical 

models, such as Cox-regression models or advanced machine learning approaches, patients with 

specific cancer types can be classified into different prognostic levels for customized treatments [2, 

3]. For example, the “predict” website supported by Public Health England and the University of 

Cambridge use such clinical data to predict the prognosis of cancer patients [4]. However, 30-40% 

of patients fail to use clinical factors to evaluate their prognostic outcomes [5]. Hence, effectively 

identifying genomic biomarkers for the prognostic evaluation and the guidance of the necessary 

medical intervention remains the main challenge in the biomedical field. 

 

1.2 Genomic data and their clinical application 

 The discovery of the double-helix structure of DNA in the 1950s has revolutionized the field of 

biological science. In 1953, a landmark series of papers on DNA structure by many scientists, 



doi:10.6342/NTU202300922

 2 

especially Franklin, Watson and Crick, was published in Nature. This work firmly established that 

DNA is a double helix that contains antiparallel nucleotide chains and a specific pattern for base 

pairings, giving birth to the new discipline of molecular biology [6, 7]. Such DNA’s structure has 

been confirmed as the fundamental genetic information in humans and has assisted the establishment 

of the Central Dogma, instruction in the procedure of how DNA is converted into a functional product 

to maintain the biological functions in the human body. The elucidation of such biological principles 

provided a key to unveiling the mysteries of heredity and the mechanism of diseases. Great advances 

in biochemistry technology also led to an explosion of scientific research in the field of Genomics 

and its clinical applications. After Dr Kary Mullis invented the polymerase chain reaction (PCR) 

technique, which allows the quantality of nucleus acid molecules [8], more and more advanced testing 

approaches were developed for DNA quantification. For example, the development of the Sanger 

sequencing technique proposed by Dr Sanger in 1977 has accelerated the promotion of molecular 

biological research [9]. Recently, due to the mature and popularity of microarray and next-generation 

sequencing (NGS) techniques, high-throughput biological data have become less expensive and more 

accessible such that more studies can explore to a greater level the genetic impacts on various diseases, 

hoping to provide novel insights into precision medicine. 

 Although many modern techniques such as third-generation sequencing [10] or single-cell 

sequencing [11] for genomic quantification has been proposed and widely used these days, 
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microarray and next-generation sequencing are still indispensable tools for genomic research over the 

past decades. The public data used in this dissertation were obtained from these two techniques, 

therefore it is necessary to describe each of the methodologies. Microarrays require prior knowledge 

of the query genome and quantify the amount of genomic information by fluorescent intensity; the 

most common platforms of such quantification techniques are Affymetrix [12] and Illumina [13]. In 

contrast to the former methods, sequencing-based platforms can directly identify the nucleic acid 

sequence of a given DNA or component DNA molecule; for example, the Sanger sequencing 

conventionally used capillary electrophoresis to read the nucleic acid sequence. Instead, NGS used 

the short read and massively parallel sequencing technique to empower the sequencing capabilities. 

Such technologies include Illumina [14], Roche 454 [15] and Ion Torrent [16] sequencing approaches. 

The public data used in this dissertation were mainly generated by Illumina sequencing which can 

simultaneously identify DNA bases by a unique fluorescent signal emitted by each base and add these 

bases to a nucleic acid chain. Compared to microarray, NGS-based approaches own many advantages: 

(1) no prior knowledge of genome required; (2) single-nucleotide resolution for genomic data; (3) 

higher reproducibility for scientific research [17]. Although the properties of NGS-based approaches 

generally outweigh those of array-based methods, many studies still apply array-based methods 

because of the cost-effectiveness. Therefore, in this dissertation, public data generated from these two 

techniques will be used for further discussion.  
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 Aside from accelerating the understanding of the etiology of many diseases, genomic data can 

also assist clinicians to identify important biomarkers that are unique to a disease for clinical 

applications. By the definition, there are three types of biomarkers: diagnostic, prognostic and 

predictive [18, 19]. Diagnostic biomarkers can determine whether a disease/cancer occurs and even 

which cancer type occurs; for example, the PCA3 gene and TMPRSS2-ERG fusion gene can be 

served as the diagnostic guidance of prostate cancer [20]. A prognostic biomarker can determine the 

overall survival outcome of a patient with such genomic features no matter whether they receive the 

treatment or invention or not. For instance, IL-6 and VEGF-A are common genes for the prognosis 

prediction of ovarian cancer [21]. Regarding predictive biomarkers, such features can identify 

whether a specific treatment/therapy is suitable for a patient; for example, the gene expression of 

IGF-1R, IGF-1 and IGF-2 can guide the treatment for colon cancer patients [22]. Since these 

biomarkers can serve as the indicators for disease progression or prediction of drug function, such 

indicators have been widely applied to cancer diagnosis and the identification of potential drug targets.    

 

1.3 Different molecular levels of genomic data  

 According to the principle of the central dogma of molecular biology, the DNA sequence of a 

gene is transcribed into an RNA molecule, i.e. message RNA (mRNA) and then translated into the 

amino acid sequence of a polypeptide. The proper folding structure of a polypeptide guarantees 

functional proteins so that they can properly modulate the biological mechanisms in an organism. 
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The dysfunction of proteins may affect the biological functions of an organism and further cause 

disease or cancer. All three levels of genomic data including DNA, RNA or protein have their 

potential biomarkers for a specific disease/cancer. However, due to the complexity of the protein 

structure, the technique of protein isolation and purification is difficult to conduct than DNA/RNA 

isolation so that it is not easy to acquire such data. Therefore, this dissertation only focuses on the 

genomic data at DNA and RNA molecular level.  

 The human genome project has revealed that the human genome encapsulates 23 pairs of 

chromosomes that involve about 3*109 base pairs (bps) [23]. This project also indicated that only a 

0.1% difference of nucleic acid sequence between individuals without familial relationships. The 

main cause of such genetic difference is genetic variation triggered by either spontaneous mutations 

such as radiation or incorrect DNA replication or mutagens [24]. Such variation is called mutation 

when the mutation frequency is less than 1%; however, it turns to be the events of genetic 

polymorphism when the frequency is over 1% [25] and among them, about 95% of such events are 

single nucleotide polymorphism (SNP), that is, a single nucleotide is substituted at a specific position 

in the genome [26]. Since the high occurrence of SNP and the different combinations of SNPs in 

individual genome, many studies have applied the genomic data or biobank data to unveil the 

potential SNPs as biomarkers; for example, a previous study used 241 SNPs to build a risk prediction 

model for lung cancer patients from European population or Asian population [27]. Aside from the 
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single nucleotide change, copy number variation (CNV) refers to large scale change, either 

amplification or deletion, in the genome usually over 1 kilobase pair. The relationships between such 

genetic features and cancers also have been widely discussed. For example, CNV occurred in BRCA1, 

BRCA2, TP53 and CHEK2 genes have been proved to be related to the development of breast cancer 

[28]. The above-mentioned genetic features both occur at the DNA sequences and the change of these 

genetic features show the hereditable character to the next generation. 

 However, such change happened on the protein-coding region will affect the expression of the 

gene and further generate the dysfunction of protein, leading to diseases or cancers. Gene expression, 

also called transcriptomic profile can be quantitated by biological experiments and has two 

characteristics: tissue-specific and tumor-specific [29]. Due to its tumor-specific property, more and 

more studies have focused on the identification of minimal geneses and their gene expression profile 

in the application of cancer prognosis prediction [30]. Several commercial toolkits, such as 

MammaPrint [31] and Oncotype DX [32], have applied particular gene expression signatures to 

identify the survival risk for patients with various cancer types for the fulfilment of personalized 

medicine. Therefore, different levels of genomic features indeed play an important role in terms of 

cancer prognosis. 
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1.4 Genomic Issues 

 1.4.1 Genomic difference among cancer subtypes 

 In 2000, Perou and Sorlic et. al. [33] had proposed the concept of cancer subtypes through 

analyzing the microarray data from breast cancer samples. They have classified breast cancer into 

four subtypes based on their molecular signatures: basal-like, luminal A, luminal B and Her2+. Also, 

breast cancer patients with different molecular subtypes have shown a wide range of prognostic 

outcomes. Through the Cancer Genome Atlas (TCGA) Research Network, the genomic classification 

across about 25 cancer types have been verified from 2013 to 2018. Such classification has revealed 

that different cancer subtypes induced different molecular signatures that are involved in different 

biological pathways, causing a wide range of prognostic/therapeutic outcomes [34-36].   

  

 1.4.2 Genomic difference among racial groups  

 The difference in cancer risk among populations is better explained by the genetic landscape and 

frequencies of inherited variants that are predisposed to cancer than by non-genetic factors [37]. To 

take the genetic heterogeneity among different populations into consideration, a large-scale 

investigation of multiple populations is necessary. Two population-based resources (gnomAD [38, 

39] and gnomAD-SV [40]) for mutational and structural changes have been developed in the last two 
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decades to address this issue. With the curation of frequencies of large-scale DNA aberrations in 

different populations, advanced filtering procedures and selections can be used to identify population-

specific genetic hotspots. A recent systematic study reported that a higher level of genomic instability 

was observed in African American patients than in European Americans with breast, head and neck, 

and endometrial cancers [41]. Another study showed that the occurrence of a variant of uncertain 

significance in genetic testing for hereditary breast and ovarian syndrome was more frequent among 

non-Whites than Whites [42], which further emphasizes the importance of obtaining population-

specific data.  

 

1.5 Aims 

Therefore, in this dissertation, we used different levels of genetic features, including DNA level, 

RNA level and regulatory level, and a wide range of well-established methodologies in ovarian cancer, 

hepatocellular carcinomas and multiple cancers for their prognosis prediction, hoping to achieve the 

ultimate goals of precision medicine. 

 

1.6 Outline 

This dissertation was formed based on published articles. The supplementary data for chapter 2-

5 are available in the following link: 

https://drive.google.com/drive/folders/1c4A4lXYGWkFWdvatlCLTJTaDwGg6RCvw?usp=sharing.  
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This dissertation includes four main parts (Figure 1-1). Chapter 2 depicted a population-based 

genetic profile of HRD-related genes was identified for customized design of HRD screening 

approaches. This chapter also has been presented as the peer-reviewed journal article: Hsiao, Y. W., 

& Lu, T. P. (2021). Race-Specific Genetic Profiles of Homologous Recombination Deficiency in 

Multiple Cancers. Journal of Personalized Medicine, 11(12), 1287. Chapter 3 illustrated the 

development of a bagging-based algorithm with GA-XGBoost models to predict the high risk of death 

from ovarian cancer using gene expression profiles. It extended from the master thesis of Chun-Liang 

Tao and all credits were shared equally. This chapter also has been presented as the peer-reviewed 

journal article (*: co-first author): Hsiao, Y. W.*, Tao, C. L.*, Chuang, E. Y., & Lu, T. P. (2021). A 

risk prediction model of gene signatures in ovarian cancer through bagging of GA-XGBoost models. 

Journal of advanced research, 30, 113-122. Chapter 4 depicted the cell composition of the immune 

response in both HBV−HCC and HCV−HCC and to investigate its relationship with survival 

outcomes. It was extended from the master thesis of Chun-Liang Tao and all credits were shared 

equally. This chapter also has been presented as the peer-reviewed journal article (*: co-first author): 

Hsiao, Y. W.*, Chiu, L. T.*, Chen, C. H., Shih, W. L., & Lu, T. P. (2019). Tumor-infiltrating 

leukocyte composition and prognostic power in hepatitis B-and hepatitis C-related hepatocellular 

carcinomas. Genes, 10(8), 630. Chapter 5 presented a computational framework for the identification 

of ceRNA events and their biological interpretations. It was extended from the master thesis of Lin 
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Wang and all credits were shared equally. This chapter also has been presented as the peer-reviewed 

journal article (*: co-first author): Hsiao, Y. W.*, Wang, L.*, & Lu, T. P. (2022). ceRNAR: an R 

package for identification and analysis of ceRNA-miRNA triplets. PLoS computational 

biology, 18(9): e1010497. 
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1.7 Figures 

 

Figure 1-1. An overview of the overarching objectives of this PhD dissertation. 
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Chapter 2. Race-specific genetic profiles of homologous 

recombination deficiency in multiple cancers 

2.1 Abstract 

 Homologous recombination deficiency (HRD) has been used to predict both cancer prognosis 

and the response to DNA-damaging therapies in many cancer types. HRD has diverse manifestations 

in different cancers and even in different populations. Many screening strategies have been designed 

for detecting the sensitivity of a patient’s HRD status to targeted therapies. However, these 

approaches suffer from low sensitivity, and are not specific to each cancer type and population group. 

Therefore, identifying race-specific and targetable HRD-related genes is of clinical importance. Here, 

we conducted analyses using genomic sequencing data that was generated by the Pan-Cancer Atlas. 

Collapsing non-synonymous variants with functional damage to HRD-related genes, we analyzed the 

association between these genes and race within cancer types using the optimal sequencing kernel 

association test (SKAT-O). We have identified race-specific mutational patterns of curated HRD-

related genes across cancers. Overall, more significant mutation sites were found in ATM, BRCA2, 

POLE, and TOP2B in both the ‘White’ and ‘Asian’ populations, whereas PTEN, EGFG, and RIF1 

mutations were observed in both the ‘White’ and ‘African American/Black’ populations. Furthermore, 

supported by pathogenic tendency databases and previous reports, in the ‘African American/Black’ 

population, several associations, including BLM with breast invasive carcinoma, ERCC5 with ovarian 
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serous cystadenocarcinoma, as well as PTEN with stomach adenocarcinoma, were newly described 

here. Although several HRD-related genes are common across cancers, many of them were found to 

be specific to race. Further studies, using a larger cohort of diverse populations, are necessary to 

identify HRD-related genes that are specific to race, for guiding gene testing methods. 

Keywords: homologous recombination deficiency; mutation; structural variation; pan-cancer; racial 

difference; therapeutic targets 
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2.2 Introduction 

Homologous recombination deficiency (HRD) is a dysfunction of the homologous 

recombination repair (HRR) pathway, which is responsible for the repair of DNA double-strand 

breaks [43]. HRR pathway defects are often caused by the mutation of BRCA1 or BRCA2 but they 

can also arise from mutations in HRR-related genes, such as AMT or CDK12, that carry different 

mutation loads [44]. Aside from genetic mutations, structural aberrations of DNA, such as a loss of 

heterozygosity (LOH), large-scale state transitions (LST), and telomeric allelic imbalance (TAI), 

have been recognized as defining characteristics of HRD [45-47]. These genetic features are 

associated with an increased sensitivity to DNA-damaging agents, such as poly ADP-ribose 

polymerase (PARP) inhibitors and platinum-based antitumor drugs [48]. For this reason, they have 

served as targets of chemotherapy and immunotherapy agents for several cancers, especially in breast 

cancer, ovarian cancer, pancreatic cancer, and prostate cancer [49-52]. In addition to their response 

to drugs, the survival outcomes of many cancer patients are also associated with the degree of HRD 

in many cancers [53]. Thus, the genetic features related to HRD are capable of being used as 

biomarkers to predict patients’ drug response and survival outcomes. 

Several epidemiological studies have pointed to large racial differences in cancer incidence and 

survival of many cancer types [54, 55]. According to data from US cancer registries, African 

American/Black (AA/B) people have a higher incidence and lower survival of all cancers when 

compared to the White population, after adjusting for confounding factors, such as socioeconomic 
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status and behavior [56]. Some of this difference may be caused by non-genetic factors, but a 

considerable amount may be attributed to genomic architecture. Substantial evidence has shown that 

the population-specific genetic background can at least partially explain the reason for unequal cancer 

burden among different racial groups [57, 58]. For instance, Conti et al. found that an African 

American/Black male has a 75% higher risk of getting prostate cancer than a White man, noting that 

past studies have overrepresented the White population and ignored this variation in cancer risk by 

race [59]. Recent research has also revealed that there is a higher prevalence of HRD events in lung 

cancer occurring in African Americans than in European Americans, highlighting the necessity of 

including underrepresented populations in genetic studies [60]. Therefore, bringing the genetic risk 

for people of various racial groups into focus may help to explain the role of race in the progression 

of cancer and HRD events, leading to better screening protocols in people of all races, as well as the 

earlier detection of each type of cancer. 

The fundamental goal of precision medicine in cancer care is to use genetic information to 

prevent, diagnose, or treat cancers, and advances in this area have led to the development of targeted 

cancer therapies [61]. Several genetic testing strategies are available for many cancers, especially 

breast cancer, which is the most well-studied cancer type. For example, the Oncotype DX Breast 

Recurrence Score test, which is based on 21 genes [62], and the MammaPrint test, which is based on 

a 70-gene signature, can estimate the risk of recurrence [63], and have both been widely applied to 
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guide the clinical treatment of breast cancer patients. Recently, an increasing number of tumor testing 

kits have been designed for HRD detection, such as Myriad myChoice® CDx [64] and 

FoundationOne® CDx [65]. Although current genetic testing still suffers from limited availability 

across cancer types, as well as false positive/negative issues, the role of such testing remains essential 

in clinical applications to achieve the ultimate goal of precision medicine. 

Currently, several genetic testing methods, such as BRCA1/2 germline testing alone, in a 

combination with HRR-related genes, and in a combination with genomic instability, have shown a 

wide range of sensitivity in HRD detection [66]. The best testing approach identifies only about 50% 

of women who are eligible for treatment with breast cancer drugs, such as a mixture of LYNPARZA 

and bevacizumab [67], highlighting that many patients are missed due to high false-negative results, 

such that the accurate detection of this population, using better biomarkers of HRD, is of clinical 

relevance. Although multiple factors underlie the racial differences in cancer prognosis and drug 

response, many population-based studies have pointed out that these differences may be partially 

attributed to inherent differences at the DNA level [68-70]. Therefore, the overarching aim of this 

study is to identify race-specific pathogenic HRD-related variants among cancers, providing new 

insight that is specific to each cancer type and population group. 
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2.3 Materials and Methods 

2.3.1. Study Cohorts and Patients 

Clinical and biospecimen annotation files in txt format (n = 9125, across 33 cancer types) were 

downloaded from the TCGA Pan-Cancer Clinical Data Resource [71]. A full list of TCGA cancer 

type abbreviations can be found in the Genomic Data Commons (https://gdc.cancer.gov/resources-

tcga-users/tcga-code-tables/tcga-study-abbreviations (accessed on 02/06/2021)). Samples that did not 

belong to one of the three racial groups according to the TCGA Pan-Cancer Clinical Data—‘White’, 

‘Asian’, and ‘African American/Black’—or did not have survival information were excluded. To 

ensure we had sufficient sample sizes to achieve adequate power in each cohort, only the cancer 

cohorts with >100 samples were included, and racial subgroups within each cancer cohort that had 

<10 samples were excluded. Consequently, 7241 patients across 24 cancer types were retained and 

combined (i.e., the pan-cancer cohort) for the downstream analysis. All sample selections were 

conducted using R software (v4.0.5). 

2.3.2. The Determination of Pathogenicity for Somatic Variant Calls 

A mutation annotation file (MAF; mc3.v0.2.8.PUBLIC.maf), including 33 cancer types, which 

was generated by the MuTect2 pipeline according to the GRCh38.d1.vd1 reference sequence, was 

also retrieved through the Pan-Cancer Atlas (https://gdc.cancer.gov/about-
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data/publications/pancanatlas (accessed on 02/06/2021)). To define the causal HRD genes, gene lists 

from a survey of the literature were collected and named as ‘DDRD_assay_42’ [72], 

‘mutated_gene_21’ [43], ‘HR_PARP_132’ [43], and ‘DDR_276’ [73]. The approximate 

chromosomal position of each gene in the lists, based on the GRCh38 genome version, was extracted 

from GeneCards (https://www.genecards.org/ (accessed on 02/06/2021)) by an in-house python web 

scraping script (https://github.com/ywhsiao/jpm_submission (accessed on 02/06/2021)). Through 

such information, the somatic variants in the MAF file within the region of these genes were then 

extracted. A measurement of global mutation loads, called tumor mutation burden (TMB), was 

calculated by directly counting the number of variants and then dividing that number by the genomic 

length of the target gene (unit: mutations/Mb). The above-mentioned filtering and calculation steps 

were performed by R software (v4.0.5). 

2.3.3. Groupwise Association Test, Outlier Detection Analysis, and Variant Annotation 

The previously downloaded MAF was modified and combined with the racial information from 

the previously downloaded clinical data for the groupwise association test. The optimal sequencing 

kernel association test (SKAT-O), which is a linear combination of the burden test and SKAT 

statistics [74], was performed to evaluate the association between the missense variants with a 

functional impact, which were classified as “probably/possibly damaging” or “deleterious” in two 

functional prediction algorithms (SIFT and PolyPhen-2), and a phenotype (i.e., a specific race) using 
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the SKAT R package. In addition, a principal component analysis of all variants was conducted by 

PLINK (v2.0), and the resulting eigenvectors were used as a covariate to control the regression-based 

analysis. Then, we applied the rare variant influential filtering tool (RIFT), an R package which 

generates a delta chi-square score for each significant variant, and non-parametric outlier detection 

methods to identify the most influential variants that were specific to race [75]. Finally, we used 

pathogenicity determinations by REVEL and ClinVar to validate the pathogenic tendency of the 

identified variants [76, 77]. 

2.3.4. HRD Score Calculation 

The copy number segmentation file with annotations (TCGA_mastercalls.abs_segtabs.fixed.txt) 

and the purity/ploidy file (TCGA_mastercalls.abs_tables_JSedit.fixed.txt) that was generated by 

ABSOLUTE software were downloaded from the above-mentioned Pan-Cancer Atlas portal. These 

two files were then compiled to generate the input format supported by the scarHRD R package [78] 

for the calculation of the counts of each HRD component (HRD-loss of heterozygosity (HRD-LOH), 

HRD-large-scale state transitions (HRD-LST), and HRD-telomeric allelic imbalance (HRD-TAI)) 

and then summarized the total HRD score. Here, we evaluated the global and geneset-specific HRD 

scores based on previously reported genesets across cancers. 
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2.3.5. Statistical Analysis 

To further compare the HRD scores and TMB values across race in each specific cancer cohort, 

the Wilcoxon rank-sum test or the Kruskal-Wallis test were used. When comparing such values 

among the three races, the false discovery rate was used for the correlation of multiple comparisons. 

A p-value of less than 0.05 is reported as statistically significant. Spearman’s correlation coefficient 

was calculated to evaluate the correlations among the genome-wide HRD scores and global TMB 

values across cancers. Statistical analyses and data visualizations were performed using the ‘ggpubr’ 

[79] and ‘ggsignif’ [80] R packages. 

2.3.6. Survival Analysis 

To investigate the effect of genomic features on survival, univariate or multivariate covariate-

adjusted Cox proportional hazards models were used when the following covariates were provided 

in the sample’s clinical information: gender, age at initial pathogenic diagnosis, TNM (tumor, nodes, 

and metastases) status, and stage. The performance of the survival predictors was assessed by the 

concordance index (c-index). The hazard ratios (HRs), along with their 95% confidence intervals (CIs) 

and the corresponding p-values of these predictors, were calculated. We also dichotomized the 

patients according to the second tertile value (66.7%) of the HRD score to create two groups (‘HRD’ 

versus ‘not HRD’) [81]. This allowed the group with the higher level of HRD, defined as HRD in this 
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study, to always possess one-third of the patients in each dataset. The Kaplan-Meier method was used 

to estimate the survival endpoints and assess the significant differences in the survival outcomes 

between the two predefined groups through the log-rank test. The above-mentioned statistical tests 

were conducted by the ‘ggpubr’, ‘survival’ [82], and ‘survminer’ [83] R packages. 

3.4 Results 

3.4.1. Distribution of the TCGA Pan-Cancer Atlas Cohort across Racial Groups 

We summarize the distribution of the 7241 TGCA cases with their HRD scores across the three 

racial groups in Table 2-1. The ‘White’ group contained 83.04% (n = 6013) of the cohort, and the 

rest of the cohort consisted of 10.04% (n = 727) African American/Black and 6.92% (n = 501) Asian 

patients. Among the 24 cancer types, the largest population-specific cancer cohorts were breast 

invasive carcinoma (BRCA) for the ‘White’ group (n = 678) and the African American/Black group 

(n = 159), and liver hepatocellular carcinoma (LIHC) for the ‘Asian’ group (n = 150). 

3.4.2. Association of HRD Scores with Survival across Cancer Types 

We first determined the HRD scores across the Pan-Cancer Atlas cancer types by integrating the 

data on copy number segment and ploidy, as defined by ABSOLUTE. The HRD scores are shown in 

Figure 2-1A. The HRD scores, which were defined by different genesets, varied by cancer type. We 

do knowledge that a geneset with a lower number of genes, or which did not have a proper gene list, 
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had a lower HRD score estimated by the scarHRD R package. Therefore, we discarded the result 

defined by ‘mutated_gene_21’ here. The HRD distribution patterns of the genome-wide and 

‘DDR_276’ genesets were similar, though the calculated HRD scores that were based on ‘DDR_276’ 

were generally lower than the genome-wide scores. For example, the cancer types which were ranked 

as having the top 5 highest HRD scores were the same in both genesets: ovarian serous 

cystadenocarcinoma (OV), esophageal carcinoma (ESCA), sarcoma (SARC), lung squamous cell 

carcinoma (LUSC), and bladder urothelial carcinoma (BLCA). Intriguingly, the HRD scores that 

were defined by ‘DDRD_assay_42’ were higher than those defined by ‘HR_PARP_132’ across the 

cancers analyzed. 

We next investigated the association of the HRD scores that were defined by the different 

genesets with overall survival. The ability of HRD scores to predict survival was also different across 

cancers and even across the defined genesets; some of the genesets (e.g., ‘HR_PARP_132’) even 

showed diverse prediction outcomes when compared with the rest of the genesets (Figure 2-1B). 

These results show that the HRD, defined by different genesets, may affect the incidence of HRD 

events and their corresponding clinical outcomes across cancers. For the risk prediction (Figure S2-

1A, S2-1B), we only focused on four cancer types (BRCA, pancreatic adenocarcinoma (PAAD), 

prostate adenocarcinoma (PRAD), and OV) that are widely discussed in the field of HRD and PARP 

inhibitors, along with the pan-cancer results. In general, the HRD scores were not significantly linked 
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to survival for the individual cancers, however, they were for the pan-cancer analysis. Of note, HRD, 

as defined here (top tertile), was associated with the survival of OV only when using genome-wide 

scores to define HRD (and in a counterintuitive direction), whereas survival was associated with the 

HRD score in the pan-cancer cohort under HRDs from any of the genesets. The relationship between 

the cancer types and survival, which was determined by the Cox proportional hazards analysis (Figure 

2-2), further clarified that different cancer types had different survival outcomes, suggesting that the 

mortality risk, as defined by HRD scores, should take cancer type into consideration. 

2.4.3. Synergistic Effects between Genome-Wide HRD and Global TMB among Cancers 

It is known that both the quantity of DNA mutations (global TMB value) and the changes in the 

copy number (genome-wide HRD scores) can be used to identify patients with HRD [84, 85]. To 

explore whether these two indicators were correlated, we calculated the Spearman correlation 

coefficients between genome-wide HRD scores and global TMB values, and the c-index was 

examined to evaluate their ability to predict overall survival. In Figure S2-2A, distinct correlation 

levels between HRD scores and TMB levels were observed in several cancer cohorts, as well as the 

pan-cancer cohort. These two genomic indicators were positively correlated (p < 0.001) in PAAD (R 

= 0.54), SARC (R = 0.5), and BRCA (R = 0.54), and negatively correlated in colon adenocarcinoma 

(COAD; R = −0.24, p < 0.00) and uterine corpus endometrial carcinoma (UCEC; R = −0.32, p < 

0.001) (Figure S2-2A, Table 2-2). As shown in Figure S2-2B, the predictive values of these indicators 
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were generally the same in most cancers, as well as in the pan-cancer analysis; however, the predictive 

ability of the HRD scores in some cancer cohorts (e.g., kidney renal papillary cell carcinoma (KIRP), 

PAAD, PRAD, and testicular germ cell tumors (TGCT)) outweighed that of the global TMB values. 

Nevertheless, these results still suggest that TMB may be representative of HRD events in some 

cancers. 

3.4.4. Racial Differences of Genome-Wide HRD and Global TMB across Cancers 

 To explore the racial differences in the genomic instability and mutation patterns across the 24 

cancer types, we also examined the genome-wide HRD scores and TMB values, after being stratified 

by race in each tumor type (Figure 2-3A,B; Figure S2-3). Due to the limitations of the sample size 

following the racial stratification, we only considered cohorts that contained at least two populations 

with a subgroup sample size larger than 10. Cancers with significant racial differences (p < 0.05) in 

terms of the HRD score or TMB value are summarized in Table S2-2. Overall, six cancer types, 

including BLCA, BRCA, and head and neck squamous cell carcinoma (HNSC), had significant 

differences in terms of the genome-wide HRD scores among the populations (Kruskal-Wallis test; p 

< 0.05). Specifically, based on the pairwise comparison results (Wilcoxon rank-sum test; p-adj < 

0.05), five cohorts between the ‘White’ and the ‘Asian’ groups (such as BLCA, BRCA, and LIHC), 

three cohorts between the ‘Asian’ and the ‘African American/Black’ groups (such as BLCA, HNSC, 

and UCEC), and five cohorts between the ‘White’ and the ‘African American/Black’ groups (such as 



doi:10.6342/NTU202300922

 25 

BRCA, HNSC, and KIRP) were significantly different. Similar to the HRD score, racial differences 

were also observed in the global TMB values (Table S2-2). Generally, four cancers, including BLCA, 

BRCA, and LUAD, were statistically different in terms of the TMB values among all three races. 

According to the pairwise comparison results (Wilcoxon rank-sum test; p-adj < 0.05), five cohorts 

between the ‘White’ and the ‘Asian’ groups (such as BLCA, BRCA, and LIHC), two cohorts between 

the ‘Asian’ and the ‘African American/Black’ groups (BLCA and CESC), and two cohorts between 

the ‘White’ and the ‘African American/Black’ groups (BRCA and LUAD) were significantly 

different. Collectively, these results demonstrated that racial differences that manifest in molecular 

changes at the DNA level, such as TMB and HRD, should be considered in many cancers. 

3.4.5. Predisposing HRD-Related Genes that Are Specific to Race 

We next examined the race-specific pathogenicity of non-synonymous mutations in 364 non-

repeated HRD-related genes that were extracted from the five above-mentioned genesets 

(‘DDRD_assay_41’, ‘mutated_gene_21’, ‘HR_PARP_132’, and ‘DDR_276’) using groupwise 

association tests (Table 2-3 and Figures S2-4 to S2-6). Here, prefiltering mutations with functional 

meaning, based on two well-known annotation databases (SIFT and PolyPhen-2) that were provided 

by the Pan-Cancer Atlas, allowed us to focus on those mutations with a biological impact. Four 

cohorts (GBM, PRAD, SKCM, and TGCT) did not meet the sample size criteria for conducting 

groupwise association tests, because only one population was available. The top associated 
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predisposing genes and the numbers of their significant variants varied widely across races (Figure 

2-4). The top predisposing HRD genes which were common to all three racial populations were TP53, 

RIF1, and SMG1. Some genes were shared only between two populations; for example, ATM, BRCA2, 

POLE, and TOP2B were found in both ‘White’ and ‘Asian’ populations, whereas PTEN and EGFG 

were observed in both the ‘White’ and ‘African American/Black’ populations. For genes with the 

highest variant counts in the ‘White’ population, we observed similar mutation levels in other 

populations. Nevertheless, cancer type-specific differences were apparent. For instance, in BRCA 

and HNSC, a highly mutated TP53 was observed in all three populations, whereas in ESCA and 

PAAD, such an event was only found in the ‘White’ and ‘Asian’ populations. Together, these results 

highlight the race-based genetic patterns of HRD-related genes that occur in multiple cancers, which 

can be used to help elucidate customized targeted therapy for each population. 
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2.5 Discussion 

Here we report one of the most extensive multi-race investigations of HRD-predisposing genes, 

encompassing 7241 samples across 24 cancer types. By using a combination of bioinformatics tools 

and statistic methods in systematic pan-cancer analysis, we revealed novel insights into race-specific 

prognostic/therapeutic targets in the HRR pathway with potentially important clinical relevance. 

Genome-wide HRD scores have been widely used as a gold standard to evaluate a sample’s 

HRD status [86, 87], and current computational tools were mainly designed to simply count the 

number of DNA structural changes [78, 88]. Such counting results rely heavily on the selected gene 

lists and the number of genes in that list. Accordingly, our results showed that genome-wide HRD 

scores were generally higher than the scores that were defined by different gene lists. However, a 

larger number of genes in the gene list did not guarantee the detection of HRD events that were 

included in the calculation; for example, the scores that were defined by ‘HR_PARP_132’ were lower 

than those defined by ‘DDRD_assay_42’ across cancers, reiterating that a good selection of HRD-

related genes is important to evaluate the HRD status. In addition, the distribution of HRD scores that 

were defined by ‘DDR_276’ across cancers showed a good reflection of the genome-wide pattern, 

but the cut-off value that assigned HRD status might need to be adjusted when using this geneset. 

Still, these results demonstrated that the ‘DDR_276’ geneset is relatively comprehensive and 

representative for describing HRD status. 
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One previous study has demonstrated the synergistic effects between the number of DNA 

mutations and changes in the copy number [73]. Consistent with this study, our results additionally 

have revealed that their predictive abilities were relatively similar across many cancers, although 

HRD scores were associated with a slightly better prediction in terms of overall survival. These 

findings underscored that, to some extent, different degrees of DNA changes that are related to HRD 

were correlated in terms of not only their quantity, but also the patient’s prognosis. The racial 

difference in the HRD scores and TMB values has been systematically investigated in previous 

studies [60]; however, few of them have considered the Asian population in their research. Hence, in 

this study, we included as many Asian samples as possible in each cancer cohort to compare these 

genetic features among racial populations. Our results firstly demonstrated that, in several cancer 

cohorts, both genetic indicators were significantly different between the ‘White’ and ‘Asian’ 

populations. This was supported by previous studies using other cancer cohorts [89]. Similar to a 

previous report, such a difference between the ‘African American/Black’ and ‘Asian’ populations 

was also observed in HNSC [60]. Intriguingly, genome-wide HRD scores showed that racial 

differences exist between the ‘White’ population and both other populations at a pan-cancer level. 

Collectively, these results suggest that considering racial differences, including Asian samples, for a 

race-based description of HRD status may provide valuable information when defining prognostic 

groups. 
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Genomic instability in association with an increased HRD scores has shown a significant impact 

on the loss of TP53 function across multiple cancers [73, 90, 91]. Likewise, in our study, cancer-

associated TP53 mutations were observed in 15 TCGA cancer types, and such mutations were not 

associated with the race variable, so this was used as the baseline of our groupwise association tests 

to support the reliability of the rest of the findings. Our analysis of groupwise association identified 

mutations in EGFR as being specific to the ‘African American/Black’ and ‘White’ populations in 

BRCA; EGFR is widely used in clinical drug targeting therapy [92]. Mutations in TOP2B, which is 

related to the recruitment of DNA double-strand break repair proteins [93], were exclusive to the 

‘Asian’ and ‘White’ populations in PAAD. Additionally, ATM, which is involved in DNA damage 

response pathways [94], was highly mutated in Asian COAD patients. To aid the interpretation of the 

identified race-specific variants, evidence of pathogenic tendency from public databases provided 

further support. The majority of the most significant variants that were identified from the association 

test were likely disease-causing (Figure S2-7). Additionally, we were able to uncover many race-

specific variants that are not currently presented in REVEL or ClinVar. Several associations of 

significant HRD-predisposing genes and cancer types in specific populations were previously 

reported for the same population (Table 2-4,S2-3), for example, BAP1 with BRCA in the ‘White’ and 

‘African American/Black’ populations [95] and ATM with STAD in the ‘White’ and ‘Asian’ 

populations [96, 97]. The association of BLM with BRCA in the ‘African American/Black’ and the 
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‘White’ populations was described for the first time here, but had been identified previously in other 

populations [98]. While the association of ERCC5 with OV was first described in the ‘African 

American/Black’ population here, BLM was previously found to be associated with OV in the ‘White’ 

population [99]. Intriguingly, the association of MSH6 with STAD was also first identified in the 

‘White’ and ’Asian’ populations, while PTEN was newly found to be associated with STAD in the 

‘African American/Black’ population. However, such associations have been described in other 

populations [100, 101]. These findings, including novel associations, were further supported by older 

studies that evaluated individual HRD predisposition genes across populations. Overall, the 

knowledge of different HRD-predisposing genes and their prevalence among populations suggests 

the importance of incorporating race-specific interpretations into the detection of HRD for achieving 

the ultimate goal of personalized medicine: a tailored disease diagnosis and intervention based on an 

individual’s unique HRD pattern. 

Leveraging the Pan-Cancer Atlas data, we found multiple significant HRD-predisposing genes 

for the three populations, yet there was a lack of many cancer cohorts with a sufficient sample size 

for the ‘Asian’ and ‘African American/Black’ populations. Even when adjusting for confounding 

factors in statistical tests, such small cancer cohorts likely generated false negatives. To improve the 

statistical power, we only included cancer–race groups that contained at least 10 samples and applied 

an outlier approach to stringently filter the most influential variants after the groupwise association 
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test [102]. Sometimes the existence of more variants tended to increase the association in smaller 

cohorts. It is also necessary to be cautious when interpreting these variants in the context of previous 

reports. In addition, a racial difference in the sequencing data might affect the reliability of these 

findings [103]. Furthermore, evidence from population-based databases or public databases that were 

designed specifically for evaluating the pathogenic tendency of each variant will be needed to provide 

further validation. The analysis of Pan-Cancer Atlas data has potentially reached saturation in 

studying the racial differences in genomic features, due to the limited samples of non-White races 

that constitute a considerable fraction of the US population. Future cancer genomic studies should 

focus on racial differences in these genetic features in terms of their quantity and prognostic 

prediction. 
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2.6 Conclusions 

In summary, we identified race-specific predisposing HRD genes and variants contributing to 

different cancer types. Our analysis of HRD events confirmed the limitations of HRD calculations 

that are defined by different genesets. Their syngeneic effects and racial differences between them 

were observed, especially for Asian populations. These results collectively reinforce the importance 

of considering differences in race when determining the definition, detection, and prognostic value 

of HRD events. Future studies in larger population-based cohorts are warranted and are prerequisite 

to conducting HRD-directed precision medicine in patients with distinct genetic backgrounds. 
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2.7 Figures 

 



doi:10.6342/NTU202300922

 34 

Figure 2-1. The distribution of HRD scores defined by different genesets were varied in relation to their prognostic prediction. (A) Stacked 

bar plot for the distribution of HRD scores. Total scores were the sum of HRD-LOH (gray), HRD-TAI (orange), and HRD-LST (blue) across the 

different genesets for 24 individual cancer types and pan-cancer. (B) Forest plots of the association between the HRD score and overall survival. 

Results are shown for 24 cancer types and pan-cancer with valid outcomes data. Hazard ratios and 95% confidence intervals are shown by the dot 

and the line, respectively. HRD: homologous recombination deficiency; LOH: loss of heterozygosity; TAI: telomeric allelic imbalance; LST: 

large-scale state transitions. 
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Figure 2-2. Forest plot of the association between variable clinical characteristics (cancer type, race, and dichotomized HRD scores) and 

survival. HRD scores were defined at the genome-wide level. The hazard ratios (dots) and their 95% confident intervals (lines) were estimated 

via a Cox proportional hazards analysis.” ***” represents the statistical significance. 
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Figure 2-3. The significant interpopulation differences in the HRD scores and 

TMB among cancer types and pan-cancer. (A) Genome-wide HRD scores of all 

cancer types are stratified by racial population. (B) Global TMB values of all cancer 
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types are stratified by racial population. The Wilcoxon rank-sum test or Kruskal-Wallis 

test p values in each cancer are displayed at the top of each plot. The groupwise 

Wilcoxon rank-sum test with false discovery rate adjustment p values are shown above 

the bracket for each race-specific comparison.  
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Figure 2-4. HRD-predisposing genes across 7241 TCGA cases across cancers in 

the ‘White’, ‘African American/Black’, and ‘Asian’ populations. Race-specific 

cancer-gene pairs containing HRD-predisposing variants as identified by SKAT-O and 

an outlier approach. The color scale represents the number of significant variants of 

predisposing genes within that cancer cohort, and only the genes with more than 10 

variants summed in all cancer types are presented. AA/B stands for African 

American/Black.  
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2.8 Tables 

Table 2-1. Summary of demographic distribution of the Pan-Cancer Atlas. 

 

  

 Asian African 
American/Black White Total 

BLCA 42 22 319 383 
BRCA 59 159 678 896 
CESC 18 27 184 229 
COAD 11 55 184 250 
ESCA 44 0 104 148 
GBM 0 0 111 111 
HNSC 10 46 414 470 
KIRC 0 52 287 339 
KIRP 0 59 190 249 
LGG 0 21 466 487 
LIHC 150 16 171 337 
LUAD 0 52 376 428 
LUSC 0 26 325 351 

OV 0 18 146 164 
PAAD 11 0 132 143 
PCPG 0 19 131 150 
PRAD 0 0 143 143 
SARC 0 17 202 219 
SKCM 0 0 339 339 
STAD 75 11 245 331 
TGCT 0 0 112 112 
THCA 49 26 315 390 
THYM 12 0 98 110 
UCEC 20 101 341 462 

Total 501 
(6.92%) 

727 
(10.04%) 

6013 
(83.04%) 

7241 
(100%) 
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Table 2-2. Summary of cancer types 1 with significant correlations (p < 0.001) 

between the quantity of DNA mutations (global TMB value) and the changes in 

the copy number (genome-wide HRD scores). 

Positive Correlation Inverse Correlation 
OV (R = 0.31) COAD (R = −0.24) 

LUSC (R = 0.33) UCEC (R = −0.32) 
BLCA (R = 0.38)  
PAAD (R = 0.54)  
LUAD (R = 0.49)  
SARC (R = 0.5)  

BRCA (R = 0.54)  
THYM (R = 0.32)  
KIRC (R = 0.25)  
HNSC (R = 0.23)  
PRAD (R = 0.39)  
LGG (R = 0.34)  
PCPG (R = 0.27)  

Pan-cancer (R = 0.26)  
1 A full list of TCGA cancer type abbreviations can be found in the Genomic Data Commons 

(https://gdc.cancer.gov/resources-tcga-users/tcga-code-tables/tcga-study-abbreviations(accessed 

on 02/06/2021)). 
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Table 2-3. Summary of the number of significant variants identified by SKAT-O 

and the RIFT R package. 

 White African 
American/Black Asian 

BLCA 18 51 11 
BRCA 135 97 56 
CESC 48 41 2 
COAD 200 9 160 
ESCA 52 0 52 
HNSC 13 20 14 
KIRC 27 27 0 
KIRP 9 9 0 
LGG 17 17 0 
LIHC 6 13 4 
LUAD 118 118 0 
LUSC 52 52 0 

OV 18 18 0 
PAAD 57 0 57 
SARC 25 25 0 
STAD 206 20 191 
THCA 10 3 7 
THYM 2 0 2 
UCEC 891 43 213 
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Table 2-4. Several significant HRD-predisposing gene associations.  

Cancer Gene Population 
Previous Reports Identified 

Variant 
(GRCh38) 

REVEL 
Score 1 Clinvar 2 Same Population Other Population 

BRCA 

BAP1 

White 
Shahriyari et al. 

(2019)  3:52442072-T/C 0.829 pathogenic African 
American/Black 

BLM 

White 

 Cybulski et al. (2019) 15:91312388-C/T 0.677 uncertain significance African 
American/Black 

OV ERCC5 

White Doherty et al. (2011)  

3:103525633-G/T 0.939 pathogenic African 
American/Black  Doherty et al. (2011) 

STAD 

ATM White Helgason et al. (2015)  11:108141997-
C/T 0.739 uncertain significance 

Asian Cai et al. (2015)  

MSH6 
White 

 Karpińska-Kaczmarczyk 
et al. (2016) 2:48028049-G/A 0.857 uncertain significance Asian 

PTEN African 
American/Black  Nemtsova et al. (2020) 10:89692905-G/A 0.976 likely pathogenic, 

pathogenic 
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1 REVEL scores above 0.5 represent likely disease-causing variants. 2 Five levels of variants defined in ClinVar database are as follows: pathogenic, likely pathogenic, 

uncertain significance, likely benign, and benign. 
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Chapter 3. A risk prediction model of gene signatures in 
ovarian cancer through bagging of GA-XGBoost models 

 
3.1 Abstract 
Introduction: Ovarian cancer (OC) is one of the most frequent gynecologic cancers among 

women, and high-accuracy risk prediction techniques are essential to effectively select the best 

intervention strategies and clinical management for OC patients at different risk levels. Current 

risk prediction models used in OC have low sensitivity, and few of them are able to identify 

OC patients at high risk of mortality, which would both optimize the treatment of high-risk 

patients and prevent unnecessary medical intervention in those at low risk.  

Objectives: To this end, we have developed a bagging-based algorithm with GA-XGBoost 

models that predicts the risk of death from OC using gene expression profiles.  

Methods: Four gene expression datasets from public sources were used as training (n=1) or 

validation (n=3) sets. The performance of our proposed algorithm was compared with fine-

tuning and other existing methods. Moreover, the biological function of selected genetic 

features was further interpreted, and the response to a panel of approved drugs was predicted 

for different risk levels.  

Results: The proposed algorithm showed good sensitivity (74% to 100%) in the validation sets, 

compared with two simple models whose sensitivity only reached 47% and 60%. The 

prognostic gene signature used in this study was highly connected to AKT, a key component of 

the PI3K/AKT/mTOR signaling pathway, which influences the tumorigenesis, proliferation, 

and progression of OC.  

Conclusion: These findings demonstrated an improvement in the sensitivity of risk 

classification of OC patients with our risk prediction models compared with other methods. 

Ongoing effort is needed to validate the outcomes of this approach for precise clinical treatment. 
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3.2 Introduction 
 Ovarian cancer (OC) is the seventh most common malignancy, and it causes the eighth 

highest mortality rate of all cancer types worldwide; 295,414 new cases were diagnosed, and 

184,799 patients died of this disease in 2018 [104]. OC was initially divided into epithelial and 

non-epithelial types, but some recent literature has indicated that epithelial OC also has 

histological subtypes including high-grade serous (>70%), endometrioid (10%), clear cell 

(10%), mucinous (<5%), and low-grade serous (<5%) [105]. These histologically distinct 

tumor types have shown a wide range of different prognoses. For example, epithelial tumors 

classified as low-grade serous, endometrioid, mucinous, or clear cell usually present 

themselves at an early stage and have a good prognosis, while the high-grade serous type 

mostly presents itself at an advanced stage with a poor prognosis [106]. It has been revealed 

that the five-year survival of OC patients diagnosed at an early stage is about 90%, whereas 

that of patients at a late stage is less than 30% after surgery [107, 108]. However, most OC 

patients are diagnosed at the advanced stage due to the asymptomatic features of the early stage. 

As a result, more sophisticated research into both the diagnostic and predictive aspects of OC 

is urgently needed.  

 According to a clinical guideline from the National Comprehensive Cancer Network 

(NCCN), whether OC patients should receive post-surgery chemotherapy mainly depends on 

their clinical features, such as tumor stage and tumor grade [109]. In general, it is recommended 

for OC patients at stages II to IV to receive chemotherapy after surgery. OC patients at stages 

IA or IB with grade 1 tumors are recommended to have follow-up tests after surgery, while 

those with grade 2 tumors are suggested for either follow-up with the regular investigative tests 

or post-surgery chemotherapy. However, there is still some controversy regarding which OC 

patients, especially advanced-stage patients, will obtain the most clinical benefit from post-

surgery adjuvant chemotherapy. National cancer statistics from the Taiwan Cancer Registry 
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reported that 72.56% of OC patients had received post-surgery chemotherapy in 2016, and 

60.65% of these patients were diagnosed at stage I [110], revealing that decisions regarding 

medical intervention do not always follow the NCCN guideline. To date, there are no entirely 

acceptable criteria to guide treatment decisions, especially in terms of post-surgery treatment 

in patients with low risk. 

 Due to the complexity and heterogeneity of cancer, gene expression profiling can provide 

biological insights into cancer prognosis, over and above the use of clinical features [111]. 

Hence, more and more cancer-related studies are taking these molecular indicators into account 

[112-115]. For example, a commercially available 70-gene signature test (MammaPrint) has 

been able to distinguish breast cancer patients at high versus low risk of recurrence, based on 

their 5- or 10-year recurrence rate [116], which can assist with clinical decision-making for 

early-stage patients [117]. Oncotype DX is another example of a genomic test that uses a 

clinically validated set of 21 genes to assess the risk of breast cancer recurrence [118]. 

Nevertheless, this kind of test may only be applicable to a particular set of patients (e.g., those 

with a particular hormone expression pattern) and may not fully explain the eventual clinical 

outcome, suggesting that unbiased approaches with a full prognostic gene signature are needed 

for accurate cancer risk assessment [119].  

 Prior studies on OC [120, 121] have proposed models for predicting survival and have 

discussed hazard ratios (HRs) based on gene expression data. However, very few classifiers 

have been built to predict high risk of mortality in OC patients with high sensitivity. Several 

recent studies have extensively investigated robust machine learning-based methods for the 

identification of prognostic molecules in breast cancer, which shares many standard 

pathological features with OC [122-125]. However, few of these novel approaches have been 

applied to OC [126]. Therefore, the purpose of our study was to incorporate a bagging-based 

algorithm with GA-XGboost models into a comprehensive risk prediction model, using 
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prognosis-related genes to arrive at a clinically meaningful classification of OC patients. The 

accuracy of our prediction model was evaluated in comparison with that of other conventional 

methods. The primary objective of this study was to effectively identify high-risk OC patients, 

with the long-term goal of reducing unnecessary preventive treatments in low-risk patients. 
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3.3 Materials and Methods 
 An overview of the workflow is illustrated in Fig. 3-1. With the aim of identifying high- 

risk patients with OC, we constructed a complex set of procedures, including data 

preprocessing, dimensional reduction, a bagging-based algorithm with GA-XGBoost models, 

and external validation, to construct a comprehensive prediction model. 

3.3.1 Datasets and data preprocessing 

 For the evaluation of the predictive model, four gene expression datasets (GSE26193 [127, 

128], GSE30161 [129], GSE19829 [130], GSE63885 [131]) that had OC outcomes were 

collected in this work (Table 3-1). All datasets used were from the publicly available Gene 

Expression omnibus (GEO) database (https://www.ncbi.nlm.nih.gov/geo/), and the platform 

used for these datasets was the Affymetrix Human Genome U133 Plus 2.0 Array (GPL570). 

In each dataset, patients who lacked 3-year follow-up information were excluded. Then, the 

GSE26193 dataset (n = 106) was divided into a training set and a validation set for building 

the prediction model. The remaining datasets, including GSE63885 (n = 73), GSE30161 (n = 

50) and GSE19829 (n = 23), were used for external validation. Based on the clinical data, we 

further stratified patients in each dataset into two groups. Two previous studies have suggested 

that around 50% of OC patients suffer from recurrence within 1.5 to 2 years [132, 133]; hence, 

we set three years as a cut-off to ensure most patients with recurrence were included in the 

following analyses. The low-risk group was defined as patients with overall survival of three 

years or more, whereas the high-risk group was defined as patients with overall survival less 

than three years. 

 For the minimization of batch effects among different datasets, raw intensity-level data 

merged from all datasets were first normalized using robust multichip averaging (RMA) and 

then by quantile normalization with default parameters using the affy (version 1.62.0) [134] 

and preprocessCore (version 1.46.0) [135] R packages.   
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3.3.2 Variable selection of gene expression patterns for dimension reduction  

 For feature reduction of the training dataset from GSE26193, the t-test and fold change 

method was used as a criterion to identify differentially expressed genes between low- and 

high-risk OC patients. An absolute log2 fold change ≥ 2 and a P-value < 0.05 were set as the 

cut-off values to screen for these probes. 

3.3.3 XGBoost 

 The XGBoost (extreme gradient boosting) algorithm is a learning framework based on 

gradient boosted decision trees [136]. Compared with traditional boosting tree models 

implemented with only first order derivative information [137], this boosting model uses a 

second-order Taylor expansion for calculating the loss function and its scalability to enhance 

not only computational speed but also the model performance. Therefore, XGBoost was used 

for risk prediction classifiers for OC patients in this paper. 

3.3.4 Genetic algorithm for the most suitable combination of selected gene expression 

patterns 

 Genetic algorithms (GAs) have been designed to replicate the concept of natural selection 

by searching for an available combination of gene expression profiling probes which will 

produce a predictive model with superior performance [138, 139]. Therefore, in terms of 

feature selection, the XGBoost algorithm could be further improved by using a GA, a process 

that we call GA-XGBoost. As shown in Fig. 3-2, a GA involves five main phases: initial 

population, fitness function, selection, crossover, and mutation. In the GA, genetic coding 

segments of a chromosome are represented using a string of zeros and ones. Therefore, in this 

study, in order to correspond to expression being either on or off, significantly expressed probes 

were denoted as 1, whereas the rest were assigned as 0 (Figure S3-1). 
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 First, we randomly sampled a combination of probes from those significant probes that 

were determined in the previous step to be a chromosome (i.e., a string of zeros and ones 

corresponding to the expression status of each gene expression profiling probe), and then 

repeated this procedure to generate a population of chromosomes defined as the first generation. 

Second, the fitness values (i.e., sensitivity and specificity in this study) of each chromosome 

was calculated by the fitness function (i.e., the XGBoost model), and only the ones with the 

highest fitness were retained in the next generation. In the roulette wheel selection, the wheel 

is divided according to the fitness values; that is, the fittest chromosome has the largest share, 

whereas the weakest chromosome has the smallest percentage (Figure S3-2A). The underlying 

assumption of this step is that the fitter chromosomes will tend to have a better chance of 

survival among the whole population, and then will mate to create the next generation. As a 

result, the fittest individuals will be stochastically selected from a particular population to form 

the next generation. 

 The chromosome showing the best fitness value (i.e., highest sensitivity) among the 

models (i.e., XGBoost model) from the first generation is either passed directly to the next 

generation, or crossover and mutation operators are performed to generate the next generation. 

In the crossover step, two parental chromosomes with the best fitness are selected from the 

original population, and a random threshold (for example, 20% of genetic information from 

parent chromosomes) is defined to determine the proportion of values within the chromosome 

that should be swapped to form two offspring chromosomes (Figure S3-2B). For emulating the 

dispersion of a mutation in a population, a proportion of the values (such as 10 %) in a 

chromosome should be flipped, which means if it is a zero it now becomes a one and vice versa 

(Figure S3-2C and S3-3). 

 Finally, the conditions for evaluating when the GA should be stopped are defined as 

follows: 
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                  𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 −𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 ≤0.05 

           𝑡𝑟𝑎𝑖𝑛𝑖𝑛𝑔 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 −𝑣𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦≤0.05        (1) 

The process of crossover and mutation will be repeated until these criteria are met or the final 

generation is reached (a predetermined number), unless the chromosomes with the best fitness 

of all generations meet the criteria and are outputted as a prediction model. By this process, the 

outputted model with the highest sensitivity for the classification of OC patients into risk 

response groups (high risk/low risk) is developed. The GA-XGBoost model was performed 

using R (version 3.5.2) and the xgboost R package (version 0.82.1) [140]. 

3.3.5 Bagging-based algorithm and external validation 

 To construct a robust bagging algorithm [141], GSE26193 was first divided into training 

and internal validation datasets, with a 2:1 split. Then, 70% of the training data was randomly 

selected to perform variable selection which was mentionedas described above, which 

generated 15 GA-XGBoost models for bagging. Those with a specificity < 0.3 were dropped, 

and based on each model’s performance in both internal and external validation sets, the voting 

system was used to further identify OC patients with high risk.  

3.3.6 Other existing methods  

 Other proposed methods can also be used in risk prediction based on gene expression 

values. Two traditional methods used in this study were least absolute shrinkage and selection 

operator (LASSO) regression [142] and forward stepwise logistic regression [143]. The 

performance evaluation was conducted by comparison of the predictive results, including 

accuracy, specificity, sensitivity, and F1-score, between GA-XGBoost and these two methods. 
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3.3.7 Survival analysis 

 Through this bagging algorithm of GA-XGBoost models, the common differentially 

expressed genes from all models were identified for the classification of two risk groups. 

Survival analyses were performed by the survival R package [144], and Kaplan-Meier survival 

curves were plotted to compare whether those expression profiles could distinguish between 

high- and low-risk groups of OC patients in internal and external validation sets. A Cox 

proportional hazards model was also used to compare the difference between survival curves 

for different risk groups.  

3.3.8 Drug prediction for the identification of effective drugs 

 To further identify potential drugs effectively targeting each risk group, the dataset 

GSE36133, including gene expression profiles and a drug sensitivity indicator represented by 

activity area in the Cancer Cell Line Encyclopedia (CCLE) project, was used 42. This project 

collected the drug response of 44 OC cell lines exposed to 24 commercially available drugs. 

The values of the activity area quantify the drug responses of each cell line. For this analysis, 

the expression profiles of the 44 OC cell lines were used as the inputs of our model to identify 

their potential risk level (high or low). Then, the Wilcoxon rank-sum test was used to evaluate 

which drugs have a significant difference in the activity area between high- and low-risk 

groups.  

3.3.9 Functional analysis 

 To understand the relationship between the respective differentially expressed genes 

obtained from this bagging algorithm of GA-XGBoost models and OC, we also used the 

Ingenuity® Pathway Analysis (IPA®) software program (QIAGEN Inc., 
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https://www.qiagenbio-informatics.com/products/ingenuity-pathway-analysis) to identify 

their potential functional role in biological processes. 

3.3.10 Statistical analysis  

 Categorical variables, such as stages, grades, clinical signatures, and subtypes, were 

reported as counts and percentages. Between‐group comparisons (i.e., high- and low-risk 

groups) were performed by a Fisher's exact test. A P-value below 0.05 was defined as 

statistically significant. The analyses were conducted using R (version 3.5.2).  
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3.4 Results 

3.4.1 Clinical characteristics for the training set 

  Table 2 presents the clinical characteristics of the training set (GSE26193; n = 106). The 

majority of samples in this dataset were from patients with stage III and grade III, constituting 

55.7% and 63.2% of the samples, respectively. However, there were no significant differences, 

in terms of stage (P = 0.2828) and grade (P = 0.2665), between the two risk groups. Similarly, 

clinical signatures (P = 0.2515) and subtypes (P = 0.8113) also showed no difference between 

the two groups. Therefore, these clinical variables do not account for the risk of death from 

OC. 

3.4.2 Parameter optimization  

  After dimension reduction of gene expression features, 507 differentially expressed 

probes (i.e., 406 genes) were extracted and used to inform the bagging-based algorithm that 

uses GA-XGBoost models. The bagging results using an internal validation set, three 

individual external validation sets, and a combined external validation set for different 

combinations of parameters are displayed in Table 3. To determine the best combination of 

parameters for our model, it is possible to fix all the settings except one and then decide which 

one has the strongest effect on model performance. The optimum combination of parameters 

has moderate specificity when the maximum sensitivity is reached, and these outcomes need 

to be supported by at least two external validation sets. First, we adjusted the number of GA-

XGBoost models used in the bagging algorithm, and it can be seen that using 15 models showed 

the best performance, in terms of both specificity and sensitivity. Using more than 15 models 

may cause overfitting, while it may not be stable due to the small sample size when the number 

of models is less than 15. Second, the proportion of the GSE26193 dataset used for training 

(50%, 70%, or 90%) was adjusted, and 70% was optimal. Fewer training samples (50%) may 
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generate an unstable bagging algorithm; on the contrary, a larger sample size may have an 

overfitting issue due to less variation among the models. Then, four tunable parameters used 

in GA-XGBoost were adjusted: the number of chromosomes in a generation, the number of 

generations, the mutation rate, and the number of tree layers. It can be observed that the 

combination of 300 chromosomes, 500 generations, a 50% mutation rate, and three tree layers 

are the best conditions. Lastly, imposing a requirement for high specificity (> 70%), led to a 

less robust model with extremely low sensitivity and accuracy in many validation sets; for 

example, in GSE63885, the specificity, sensitivity, and accuracy were 0.784, 0.417, and 0.603, 

respectively. 

3.4.3 Validation of the bagging-based algorithm that uses GA-XGBoost models 

  Table 4 presents the prediction ability of the 15 GA-XGBoost models used in the bagging 

algorithm using the internal validation set (GSE26193; n = 35). The range of the number of 

selected gene expression patterns among these models was 24 to 150 based on the 15 cycles of 

variable selections 15 times using fold-change and P-value as the cut-offs after randomly 

selecting 70 % of the training dataset from entire data, and the sensitivity of each model was 

over 0.8. A patient was considered as “high risk” when there were over seven models 

supporting this. As shown in Table 3-5, the bagging algorithm also maintains high sensitivity 

(100%) and specificity (52.4%) in the internal validation set. Among 35 patients in this 

validation set, 24 of them were predicted as high risk, and 11 were low risk. Kaplan-Meier 

survival analysis was also performed to determine the prognostic outcome, and the result 

indicated a significant difference (P = 0.0024) between high-risk and low-risk groups (Figure 

3-3A). Notably, the survival time of the high-risk group decreased, while that of the low-risk 

group was maintained as time passed.  



doi:10.6342/NTU202300922 58 

  In order to confirm that the high sensitivity of our bagging algorithm in predicting the risk 

level was not caused by model overfitting to the training set, we also tested the same bagging 

algorithm using a combined external validation set (GSE30161, GSE19829, and GSE63885; n 

= 146) (Table 3-5). The sensitivity and specificity values of the bagging algorithm in this 

combined set were 82.4% and 38.5%. The Kaplan-Meier survival analysis was performed after 

combining all external validation sets, displaying that there is a significant difference between 

the two risk groups (P = 0.014; Figure 3-3B). The individual external validation sets 

(GSE30161, n = 50; GSE19829, n = 23; GSE63885, n = 73) were also tested (Table S3-1). The 

sensitivity values of the bagging algorithm in these sets were 73.9%, 100%, and 83.3%, 

respectively, while the specificity values were 44.4%, 14.3% and 43.2%. The Kaplan-Meier 

survival analysis also showed a distinct difference in the survival time between the two groups 

in GSE63885 (P = 0.035), while the other two datasets (GSE30161, P = 0.2; GSE19829, P = 

0.29) did not have a significant difference, likely due to the small sample size. The values of 

the HR and corresponding 95% confidence interval for each validation set were further 

visualized using forest plots, except for one individual external validation set (GSE19829) with 

an extremely large HR because no events happened in the low-risk group during the observed 

period (Figure 3-3C). The HR point estimates of GSE63885 and GSE30161 were 2.502 (1.037, 

6.033) and 2.156 (1.154, 4.027). Overall, the pooled HR of these external validation sets was 

2.161 (1.144, 4.082). 

3.4.4 Performance comparison 

  To verify the necessity and effectiveness of constructing a highly sensitive prediction 

model using such complicated GA-XGBoost models in the bagging algorithm, we replaced the 

GA-XGBoost model with two simple models: forward stepwise logistic regression and LASSO 

regression. The performance of these two models in both internal and external validation sets 
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is displayed in Table 3-5. It can be seen that the results of the GA-XGBoost model in both 

internal and external validation sets achieved higher sensitivity and accuracy than the other two 

models, showing that the GA-XGBoost model is superior for risk prediction using gene 

expression values. 

3.4.5 Functional analysis 

  To identify the biological function associated with the differentially expressed probes, we 

uploaded our probe list to the Ingenuity® Pathway Analysis (IPA®) server. The top 

disease/function annotations were significantly enriched in female genital tract serous 

carcinoma (P = 2.33E-34), and 64 differentially expressed genes (DEGs) were involved (Table 

S3-2 and S3-3). Additionally, based on a network analysis, it is noteworthy that the top 

regulatory network constructed by the DEGs was mainly regulated by the hub gene, AKT, 

which is implicated in many cancers (Figure 4). 

3.4.6 Effective drug prediction 

  For the identification of drugs effective in either high- or low-risk OC patients, the 

expression profiles and drug responses of 44 OC cell lines in the CCLE project were used. 

Through our bagging-based algorithm with GA-XGBoost models, 35 cell lines were defined 

as high risk, whereas the others were classified as low risk. Regarding the drug response, 

however, only 17-AAG (17-N-allylamino-17-demethoxygeldanamycin/ Tanespimycin), an 

kind of antitumor antibiotics, and RAF265, a novel RAF/VEGFR2 inhibitor, had a slight 

difference in treatment efficacy at killing tumor cells between high-risk and low-risk cell lines, 

with P-values of 0.08 and 0.055, respectively (Table S3-4). 
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3.5 Discussion 
 As previously mentioned, few risk prediction models can predict high-risk OC patients 

with excellent sensitivity, and most of these models are not machine learning-based approaches. 

Therefore, we coupled t-tests and 2-fold changes to select features that were fitted by a GA-

XGBoost model within a bagging algorithm. This method exhibited high sensitivity and 

moderate specificity in identifying high-risk patients who qualify for chemotherapy. Also, the 

combined HR point estimate of external validation sets indicated that the selected predictors 

are effective to distinguish the two risk groups.  

 Although our bagging algorithm successfully showed a high sensitivity for detecting high-

risk OC patients, the low specificity of 38.5% in the external validation sets inferred a low 

accuracy for identifying the low-risk groups. Yet, few studies have focused on risk prediction 

models using gene expression for OC, so it is not feasible to compare the performance of our 

method with other models. However, two prediction models for breast cancer were amenable 

to comparison. Naderi et al. [145] used a Cox-ranked classifier with a prognostic signature of 

70 genes and found it to have sensitivities of 77% and 63% in two external datasets, suggesting 

it may tend to ignore some high-risk patients who need to take chemotherapy. Similarly, 

another breast cancer study [146] developed three predictive models with good sensitivities 

(0.97 to 1) but low specificity (30%), suggesting that the issue of low specificity in current risk 

prediction models remains a challenge in these female-specific cancers.  

 The specificity of the bagging algorithm was lower in the combined external validation 

sets than in the internal validation set, showing that some overfitting issues may exist in this 

approach. GAs themselves tend to overfit the training set, and unfortunately, there is no 

solution to this problem in GAs [147]. Overfitting may also arise from the complexity of the 

GA-XGBoost model [148] or from model diversity (Table S3-5), which limits the prediction 

performance [149]. We tried various strategies to avoid overfitting, including random sampling 
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of the training set to increase the variety of each GA-XGBoost model, combining the GA with 

XGBoost via the shrinkage method [150], and comparison with forward stepwise logistic 

regression and LASSO regression. These methods produced an improved but still suboptimal 

prediction model, showing that the process of risk prediction is imperfect and iterative. Future 

research should balance the complexity and diversity of the prediction model with the 

performance of the bagging algorithm. 

 Regarding the biological evidence of significantly differentially expressed genes involved 

in our bagging algorithm, the network analysis from Ingenuity® Pathway Analysis (IPA®) 

revealed that the AKT (AKT serine/threonine kinase) gene is a hub for many of these genes. 

This gene is a crucial molecule in the PI3K/AKT/mTOR signaling pathway, which is vital in 

regulating cell proliferation, survival, and migration [151]. It has been reported that this 

pathway is frequently deregulated and associated with poor prognosis at advanced tumor stage 

in OC [152]; as a result, this pathway has become one of the famous anticancer targets in OC 

[153, 154]. Both PAK (P21 activated kinase) and INHBA (inhibin subunit beta A) showed direct 

interactions with AKT, but only the latter was presented in our real dataset. A recent study 

revealed that higher expression of INHBA was connected to higher risk of death in patients 

with late-stage OC; hence, it is a potential target by for blocking this gene to suppress tumor 

progression [155]. The IPA results also revealed that AKT has many indirect interactions with 

insulin-like growth factor binding protein family members (i.g., IGFBP-4 and IGFBP-5; based 

on IPA output), which can modulate insulin-like growth factors that have endocrine, autocrine, 

or paracrine functions [156]. IGFBP-4 expression is elevated in the early tumor stage [157], 

and IGFBP-5 is known to be a tumor suppressor by inhibiting expression of AKT [158]. In 

addition, several other genes connected to AKT in this network result also play important roles 

ion the prognosis of OC. For example, GHR (growth hormone receptor), including estrogen 

(ER) or progesterone receptors (PR), has been widely known their association with better 
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survival outcomes [159]. Also, the potential of VAV3 (vav guanine nucleotide exchange factor 

3) overexpression in cancer stem cells being a biomarker for poor survival outcomes in OC has 

been proved [160]. Moreover, PCSK5 is a member of proprotein convertases (PCs), and the 

increased expression of this protein family was related to poor survival outcomes in OC [161]. 

These findings suggest that the function of selected genes in this study is highly associated 

with the survival of OC patients. 

 Several factors may explain can lead to only the slight difference in the response of high-

risk and low-risk cell lines to 17-AAG and RAF265. Firstly, only 55 of the 1457 cell lines 

(3.77%) in the CCLE data resources are ovary cell lines, illustrating that a small number of 

samples may produce biased performance estimates when performing cross-validation of such 

high- dimensional data but with a small sample size [162]. Secondly, although it has been 

reported that various types of OC, such as clear cell carcinoma (CCC), serous carcinoma (SC), 

and endometrioid and mucinous carcinoma (EM), showed different drug responses [163] but 

the cell lines in CCLE were not be classified into these subtypes, suggesting that the 

heterogeneity of the ovary cell lines may also affect the drug response results. Lastly, the 

expression patterns in tumor tissues and normal cell lines are still not the same [164], resulting 

in the so a model trained by tumor tissue samples may not be generalized to cell line samples. 

 Some drawbacks exist in this study. First, the insufficient number of samples may 

influence the accuracy of this method, and expanding the sample size of OC patients is still 

necessary. Second, unmeasured and residual confounders may exist that affect the results. 

Finally, quantile normalization did not remove the batch effect across these datasets. Moreover, 

the feature combinations from the GA were different even when the same parameters were set. 

Because the risk prediction approach we present here is not comprehensive enough to extend 

into other cancers, further research is required to fully develop a risk prediction model that 

considers cancer heterogeneity, cancer subtypes, and functional pathways. In the future, we 
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will work to apply our method to other data sources, such as gene expression profiles from 

next-generation sequencing data in OC. 
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3.5 Conclusion 
 Predictive modeling using gene signatures for the early identification of high-risk 

individuals has shed light on personalized medicine, especially in stratified prevention 

strategies and clinical management. Considering that there are few risk-prediction models of 

OC using gene expression, we developed a bagging-based algorithm with GA-XGBoost 

models to predict the mortality risk of OC patients based on their gene expression patterns. Our 

method accurately predicted high-risk OC patients and has the potential to reduce unnecessary 

healthcare for those with low risk. However, several limitations still need to be addressed. 

Therefore, in the future, further investigations are necessary and warranted to validate the 

outcomes before clinical application. 
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3.6 Figures 

 

Figure 3-1. The pipeline of our bagging-based algorithm with GA-XGBoost models. 
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Figure 3-2. Genetic Algorithm flowchart. GA algorithm includes five main steps: initial 

population, fitness function, selection, crossover, and mutation. 
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Figure 3-3. Survival analysis of the internal validation set and external validation sets. (A) 

Kaplan-Meier analysis was conducted for the internal validation set (GSE26193; n =25), and 

the patients were divided into two groups based on their risk scores. Significant differences (P 

< 0.05) were identified between the two groups over time. (B) Similar results are shown in the 

combined external validation set (GSE30161, GSE19829 and GSE63885; n = 146). (C) Forest 

plot of the hazard ratio (HR) and corresponding 95% confidence interval (CI) for individual 

external validation sets, excepting GSE19829. The vertical line indicates the null value (HR = 

1). Each box indicates an individual study point estimate of the HR, and horizontal lines 

crossing these boxes indicate the 95% confident intervals. The diamond denotes the overall 

summary estimate of pooled studies. 
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Figure 3-4. The top network result from the Ingenuity® Pathway Analysis (IPA®) 

program. Red molecules represent the respective differentially expressed genes in our dataset, 

while white molecules indicate the putative genes that may be possibly involved in this network 

based on the IPA® database. Solid lines infer a direct interaction while dashed lines infer an 

indirect interaction. 
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3.7 Tables 
Table 3-1. Summary of GEO datasets used in this study. 

Datasets 
(GEO Accession) Year Country 

Number of 
total 
samples 

Number of 
used 
samples 

Chemotherapy 

GSE26193 2011 France 107 106 Yes 
GSE30161 2012 United States 58 50 Yes 
GSE19829 2010 United States 28 23 Yes 
GSE63885 2014 Poland 75 73 Yes 
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Table 3-2. Statistical analysis of clinical variables in the GSE26193 dataset.  

  

Overall survival 
< 3 years 
(N=52) 
No. (%) 

Overall survival 
≥ 3 years 
(N=54) 
No. (%) 

P-values 

Stage I 15(14.15) 22(20.76) 
0.2828  II 4(3.77) 6(5.66) 

 III 33(31.13) 26(24.53) 
Grade I 2(1.89) 5(4.72) 

0.2665  II 19(17.92) 13(12.26) 
 III 31(29.25) 36(33.96) 
Signature Oxidative stress 22(20.75) 29(27.36) 

0.2515 
 Fibrosis 30(28.30) 25(23.59) 
Subtype Adenocarcinoma 1(0.94) 2(1.88) 

0.8113 

 Brenner Tumor 1(0.94) 0(0) 
 Carcinosarcoma 2(1.88) 0(0) 
 Clear Cell 3(2.83) 3(2.83) 
 Endometrioid 3(2.83) 5(4.72) 
 Mucinous 5(4.72) 3(2.83) 
 Serous  37(34.91) 41(38.69) 
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Table 3-3. Parameter tuning of bagging-based algorithm with GA-XGBoost models. 

	  GSE26193 (internal validation set) 	  Combined external validation set* 

	  Accuracy Sensitivity Specificity 	  Accuracy Sensitivity Specificity 

1. Number of GA-XGBoost models for bagging 
10 models/1 model deleted 0.829 1 0.667  0.5 0.853 0.192 
15 models/1 model deleted 0.714 1 0.524  0.589 0.824 0.385 
20 models/1 model deleted 0.829 1 0.684  0.541 0.588 0.5 
2. The size of training data (Proportion of samples in GSE26193) 
50%/3 models deleted 0.857 0.95 0.733  0.623 0.544 0.692 
70%/1 model deleted 0.714 1 0.524  0.589 0.824 0.385 
90%/1 model deleted 0.857 1 0.667  0.603 0.544 0.654 
3. Number of chromosomes in each generation 
100 chromosomes/0 model 
deleted 0.857 1 0.737  0.582 0.72 0.462 

300 chromosomes/1 model 
deleted 0.714 1 0.524  0.589 0.824 0.385 

500 chromosomes/1 model 
deleted 0.943 1 0.894  0.555 0.632 0.487 

4. Number of generations in GA-XGBoost 
300 generations/0 model 
deleted  0.886 1 0.789  0.596 0.544 0.641 

500 generations/1 model 
deleted 0.714 1 0.524  0.589 0.824 0.385 

1000 generations/0 model 
deleted 0.857 1 0.737  0.562 0.456 0.654 

5. Mutation rates in GA-XGBoost 
0.3/1 model deleted 0.8 1 0.632  0.527 0.765 0.321 
0.5/1 model deleted 0.714 1 0.524  0.589 0.824 0.385 
0.7/2 models deleted 0.771 1 0.579  0.514 0.735 0.321 
6. Number of tree layers used in GA-XGBoost 
two layers/1 model deleted 0.714 1 0.524  0.589 0.824 0.385 
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three layers/0 model deleted 0.914 1 0.85  0.589 0.706 0.487 
five layers/0 model deleted 0.914 1 0.842  0.562 0.574 0.551 
7. Model with high specificity 
High specificity  0.943 1 0.895 	  0.582 0.485 0.667 

*This combined dataset included three external validation sets (GSE30161, GSE19829, and GSE63885; n = 146).
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Table 3-4. Results of individual models for an internal validation set based on 
bagging of GA-XGBoost models. 

Model 
No. 

Number of 
variables 

GSE26193 (internal validation set) 
Sensitivity Specificity Accuracy F1-score 

1 81 0.929 0.429 0.629 0.667 
2 117 0.929 0.81 0.857 0.839 
3 39 1 0.143 0.486 0.609 
4 140 0.929 0.619 0.743 0.743 
5 52 0.929 0.524 0.686 0.703 
6 25 1 0.81 0.886 0.875 
7 53 1 0.524 0.714 0.737 
8 70 1 0.476 0.686 0.718 
9 129 1 0.333 0.600 0.667 
10 73 1 0.333 0.600 0.667 
11 59 1 0.524 0.714 0.737 
12 87 1 0.476 0.686 0.718 
13 30 1 0.476 0.686 0.718 
14 24 0.929 0.524 0.686 0.703 
15 150 0.857 0.619 0.714 0.706 
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Table 3-5. Performance comparison between the bagging of GA-XGBoost 

models and two existing models. 

 Accuracy Sensitivity Specificity F1-score 
GA-XGBoost 
GSE26193 (internal 
validation set) 

0.714 1 0.524 0.737 

Combined external 
validation set* 

0.589 0.824 0.385 0.651 

GSE30161 0.580 0.739 0.444 0.618 
GSE19829 0.478 1 0.143 0.600 
GSE63885 0.630 0.833 0.432 0.690 
Forward logistic regression 
GSE26193 (internal 
validation set) 

0.600 0.533 0.650 0.533 

Combined external 
validation set* 

0.514 0.456 0.564 0.466 

GSE30161 0.620 0.652 0.593 0.612 
GSE19829 0.478 0.556 0.429 0.455 
GSE63885 0.452 0.306 0.595 0.355 
LASSO regression 
GSE26193 (internal 
validation set) 

0.543 0.643 0.476 0.529 

Combined external 
validation set* 

0.555 0.544 0.564 0.532 

GSE30161 0.520 0.478 0.556 0.478 
GSE19829 0.565 0.889 0.357 0.615 
GSE63885 0.575 0.500 0.649 0.537 

*This combined dataset included three external validation sets (GSE30161, GSE19829, and 

GSE63885; n = 146). 
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Chapter 4. The Comparisons of Prognostic Power and 

Expression Level of Tumor Infiltrating Leukocytes in 

Hepatitis B- and Hepatitis C-related Hepatocellular 

Carcinomas 

4.1 Abstract 

Background: Tumor-infiltrating lymphocytes (TILs) are immune cells surrounding 

tumor cells, and several studies have shown that TILs are potential survival predictors 

in different cancers. However, the challenge arises; few studies have been performed 

for dissecting the differences between hepatitis B- and hepatitis C-related 

hepatocellular carcinoma (HBV-HCC and HCV-HCC). Therefore, we aim to determine 

whether the expression levels of the TILs are potential predictors for survival outcomes 

in hepatocellular carcinomas and which TILs are the most significant ones.  

Methods: Two bioinformatics algorithms, including ESTIMATE and CIBERSORT, 

were utilized to analyze the gene expression profiles from 6 datasets. The ESTIMATE 

algorithm examined the total expression level of the TILs, whereas the CIBERSORT 

algorithm reported the expression levels of 22 different TILs. Both subtypes of 

hepatocellular carcinoma, including HBV-HCC and HCV-HCC, were analyzed 

accordingly.  



doi:10.6342/NTU202300922

 76 

Results: The results indicated that the total expression level of TILs was higher in non-

tumor regardless of the HCC types. Alternatively, the significant TILs associated with 

survival outcome and recurrence pattern varied from subtypes to subtypes. For example, 

in HBV-HCC, plasma cells (hazard ratio [HR]=1.05; 95% CI 1.00-1.10; p=0.034) and 

activated dendritic cells (HR=1.08; 95% CI 1.01-1.17; p=0.03) were significantly 

associated with the overall survival, whereas in HCV-HCC disease, monocyte 

(HR=1.13) were significantly associated with the overall survival. Furthermore, for the 

recurrence-free survival (RFS), CD8+ T cells (HR=0.98) and M0 macrophages 

(HR=1.02) were potential biomarkers in HBV-HCC, whereas neutrophil (HR=1.01) 

was an independent predictor in HCV-HCC. Lastly, in HCC including HBV-HCC and 

HCV-HCC, CD8+ T cells (HR=0.97) and activated dendritic cells (HR=1.09) have 

significant association with overall survival (OS); gamma delta T cells (HR=1.04), 

monocytes (HR=1.05), M0 macrophages (HR=1.04), M1 macrophages (HR=1.02) and 

activated dendritic cells (HR=1.15) are highly associated with RFS.  

Conclusions: These findings demonstrated that the TILs are potential survival 

predictors in HCC and different kinds of TILs are observed according to the virus types. 

Therefore, further investigations are warranted to elucidate the etiology of TILs in HCC, 

which may improve the immunotherapy outcomes. 
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4.2 Introduction 

 Hepatocellular carcinoma (HCC) is the most frequent liver malignancy and ranked 

as the second leading cause of cancer death in the world [165]. Although the majority 

of liver malignancy is related to viral hepatitis B (HBV) or C (HCV) [166], there are 

many differences between two types of HCC in terms of activated pathways [167], gene 

expression profile [168], immunologic responses [169] and clinical prognosis [170]. 

Recently, a meta-analysis of the effects of targeted cancer drugs, Sorafenib, was 

conducted to evaluate that whether there is a difference in the overall survival between 

HBV- and HCV-induced HCC patients after receiving this drug [171]. This study 

discovered that the overall survival of HBV(+)HCV(-) patients after Sorafenib 

treatment was significantly improved. On the contrary, insufficient pieces of evidence 

to support a similar outcome on HBV(-)HCV(+) patients. Therefore, new treatment 

strategies should be developed to treat virus-driven HCCs effectively.  

 Immune checkpoint therapy is widely used to treat melanoma, such as squamous-

cell lung carcinoma [172], renal cell carcinoma [173], and bladder cancer [174]. 

However, the local inhibition of the anti-tumor immune responses in the 

microenvironment may make immuno-therapy challenging to implement [175]. 

Tumor-infiltrating lymphocytes (TILs) are white blood cells surrounding in the tumor 

stroma and inside the tumor [176]. It reported that this kind of lymphocytes has a vital 
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role in the prognosis and prediction of many malignancies [177, 178]. The prognostic 

association of hepatocellular carcinoma has widely investigated. For example, the 

higher amount of macrophages discovered in HCC patients associated with poor 

clinical outcome [179, 180] and the proportion of different kinds of macrophages (M1 

and M2) also affected patient’s prognosis [181]. These findings implied that different 

types of TILs or its subtypes in HCC might play essential roles in carcinogenesis or 

tumor inhibition. For instance, HCC patients who had more dendritic cells [182-184], 

natural killer cells [185], T lymphocytes [186, 187] or B cells [188-190] had a better 

prognosis; while those who had more neutrophils [191, 192], monocytes [193, 194], 

regulatory T lymphocytes [195] and CXCR3+ subtype B cells [196] had the poorest 

prognosis. Hence, the understanding of the role of TILs in tumor immunology may 

overcome the current barrier in the anti-cancer field.  

 The different gene expression patterns between HBV- and HCV-induced HCC 

patients suggested [197]. Norio Iizuka et al. found that 31 differentially expressed genes 

(DEGs) highly shows in HBV-HCC case and involved in signal transduction, 

transcription, and metastasis. While 52 DEGs significantly increased in HCV-HCC 

case were related to the immune system and detoxification [198]. This study concluded 

that the pathogenesis of HCC triggered by viral hepatitis B or C might be different. 

Moreover, those DEGs would be the critical diagnostic markers, implying that distinct 
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treatments may be applied to HBV-HCC and HCV-HCC patients, respectively. Many 

research studies have focused on the association of HCC patients and TILs [199, 200]. 

Nevertheless, very few studies have addressed the issues such as the different immune 

patterns caused by those two virus-infected conditions, and the relationship of different 

types of immune cells and the prognostic outcomes.  

 Although many studies have widely investigated the TILs composition in HCC, 

the majority pay more attention to HCC in general [201], or individual HBV-/HCV-

infected case [202]. Some even only focus on one specific immune cell [203]. Therefore, 

this study aims to define the compositions of the immune response in both HBV-HCC 

and HCV-HCC diseases to investigate its relationships with a clinical annotation such 

as overall survival and recurrence-free survival. We applied two well-established 

algorithms (ESTIMATE and CIBERSORT) to ascertain the relationships between the 

immune infiltrates and the clinical prognosis, hoping to have a better understanding of 

these virus-driven HCC diseases.  
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4.3 Materials and Methods 

4.3.1 Identification and selection of included studies  

 To focus on the TILs influence on HCC with different virus status, we divided the 

samples into three groups: HBV-related HCC, HCV-related HCC, and HCC. 

Specifically, the HCC HBeAg-positive or HBcAb-positive carriers were defined as 

HBV-related HCC, whereas the type of hepatitis C virus (HCV) infected patients 

positively detected by the anti-HCV agent characterized as HCV-related HCC. To 

further identify the gene expression datasets in NCBI GEO related to three HCC types 

with distinct virus status, we used the following search terms: “hepatitis B virus”, 

“hepatitis C virus”, “hepatocellular carcinoma”, “survival”, “clinical” and “recurrence”, 

which yields 10 datasets. Regarding TCGA data, we directly used liver cancer dataset 

(n=371), including both the gene expression profile and the clinical information.  

 Primary inclusion criteria for the datasets in this study were: (1) virus status is 

clearly stated for HBV-related HCC and HCV-related HCC samples and samples 

having no specific information are defined as HCC samples; (2) contains expression 

profiles of both tumor and its corresponding adjacent normal tissues for each sample; 

(3) includes at least one reliable prognostic factor such as overall survival rate in clinical 

information; (4) is the most recently published or has a larger sample size when the 

dataset is used repeatedly in different studies. However, some datasets must be 
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excluded because of the following reasons: (1) two HCC types have coexisted; (2) the 

cause of hepatocellular carcinoma was by metastasis; (3) the sample size was smaller 

than 30; (4) array/NGS platforms used in those datasets were not suitable for the 

downstream pipeline. The selection of these datasets gave six datasets (GEO10143, 

GSE76427, GSE54236, GSE14520, GSE14520, and TCGA) meets the criteria in the 

data extraction step.  

4.3.2 Statistical analysis  

 The analysis pipeline used in this study is illustrated in Figure 4-1. The total TIL 

quantity and the proportion of immune cells of tumor tissue or adjacent normal tissue 

from the same patient were calculated based on the expression profiles by ESTIMATE 

[204] and CIBERSORT [205] separately. The ESTIMATE algorithm uses gene 

expression data (tumor/non-tumor) to infer the expression level of infiltrating immune 

cells in tumor tissues and is based on the calculation of the single sample Gene Set 

Enrichment Analysis (ssGSEA). For the ssGSEA algorithm, 171 marker genes are 

required to generate an immune score. This score is in proportion to the real quantity 

of immune cells; as a result, the number of immune cells among samples can be directly 

compared using this value. The CIBERSORT algorithm is a tool for estimating the 

abundances of immune cells using transcriptomic data. This software applied linear 

support vector regression (SVR) to deconvolve the relative fractions of immune cells 
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of given transcriptional profile from a bulk tumor based on the signature matrix as 

reference. 

 For the different batches and/or platforms used in the analyzed datasets, the 

original pipelines of the ESTIMATE algorithm and the CIBERSORT algorithm 

contained a normalization step. In order to minimize the batch effects, we used the 

quantile normalization to in both the RNA-Seq expression data and microarray data 

within one dataset. For multiple datasets, the CIBERSORT algorithm reported the 

proportions of different TILs within one dataset, which means the proportions has 

already been normalized within one dataset and the total sum of the proportions equals 

100. Therefore, it is feasible to use the proportions from different datasets to do the 

comparisons. However, for the ESTIMATE algorithm, different datasets may result in 

different levels of immune scores and thus we compared the immunes scores within 

one dataset instead of doing the comparisons across different datasets. 

 The paired Wilcoxon signed-rank test was applied to identify the difference in 

quantification and characterization of TILs according to the virus types. P-values were 

corrected for multiple testing by the Benjamin-Hochberg method [206]. To evaluate 

whether immune cells are associated with survival outcomes, Cox proportional hazards 

regression model was used (the coxph function in the survival R package). The 

statistical results (cox coefficients, hazard ratios with 95% confidence interval, and p-
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values) for each immune cell type obtained. We used univariate Cox regression model 

to determine the effect of clinical factors on survival. Additionally, the association of 

each immune cell types and significant clinical factors were assessed via multivariate 

Cox regression model using the statistical R package.  
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4.4 Results 

4.4.1 Selection of included datasets  

 The characteristics of the selected datasets has shown in Table 4-1. The described 

patients in these datasets were from Japan, Singapore, China, Italy, and America, and 

all the data were collected in 2008 or later. Two datasets included all HBV-HCC, HCV-

HCC and HCC patients, and four restricted to at least one HCC types of patients. In 

total, 1276 patients finally included in this study: 313 were HBV-HCC patients, 135 

were HCV-HCC patients, and 828 were HCC patients. The median follow-up ranged 

from 0.99 to 7.8 years. 

4.4.2 Estimation of infiltrating cells 

 ESTIMATE method was firstly used to compare the quantities of the immune cells 

between intra-tumor and non-tumor of the same patient. In the five datasets (GSE10143, 

GSE76427, GSE54236, GSE14520, and GSE17856) used in the estimation of the 

number of immune cells, the immune scores were significantly reduced in intra-tumor 

(Figure 4-2). The p-values of each Wilcoxon singed-rank test was lower than 0.0001. 
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4.4.3 Composition of TILs  

 To systematically investigate the compositional difference of TILs between intra-

tumor and non-tumor from the same HCC patient, we then applied CIBERSORT 

method to calculate the proportion of TILs in terms of distinct tissue type.  

 With respect to HBV-HCC group (GSE14520, n=204), the signatures of CD4+ 

resting memory T-cells (q-value<0.001), CD4+ activated memory T-cells (q-

value<0.001), natural killer activated cells (q-value<0.001), dendritic resting cells (q-

value<0.001) and resting mast cells (q-value<0.001) were found to predominate in 

tumor. On the contrary, plasma cells (q-value=0.001), CD8+ T-cells (q-value<0.001), 

gamma detla T-cell (q-value<0.001), M1 macrophages (q-value<0.001), M2 

macrophages (q-value<0.001) and activated mast cells (q-value<0.001) highly 

dominated in non-tumor.  

 Regarding HCV-HCC group, two datasets (GSE10143, n=46; GSE17856, n=40) 

were investigated (Table S4-1). In GSE10143 dataset, the proportion of M0 

macrophage and neutrophil cells were higher in the intra-tumor part (2.9%±3.8%; 

5.1%±3.4%) than in non-tumor (1.2%±2%; 3.4%±2.3%); on the contrast, relatively 

higher number of both memory B cells and CD8+ T cells were presented in non-tumor. 

In GSE17856 dataset, more gamma delta T-cells (q-value=0.05) and M0 macrophages 

(q-value=0.002) were counted in the intra-tumor part while more monocytes (q-
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value<0.001) were existed in non-tumor. After enlarging the sample size (GSE10143 

and GSE17856, n=86) in HCV-HCC group for the statistical power, the results revealed 

that there was a significant increase in the proportion of M0 macrophages (q-

value<0.001) and neutrophil cells (q-value=0.028) infiltrating in the intra-tumor part; 

however, there were higher percentage of CD8+ cells (q-value=0.04) and monocytes 

(q-value<0.001) in non-tumor (Figure 4-3). 

 In respect of the HCC group, either individual datasets or a pooled dataset 

(GSE74627, n=52; GSE54236, n= 78; GSE10143, n=62; GSE14520, n=204; 

GSE17584, n=40; total n = 437) used for examination (Figure 4-3 and Table S4-2). The 

analytical results of the pooled dataset demonstrated that there were five immune cell 

types significantly expressed in the intra-tumor part: CD4+ memory activated T cells 

(q-value=0.038), NK activated cells (q-value<0.001), M0 macrophages (q-

value<0.001), dendritic activated cells (q-value<0.001) and mast resting cells (q-

value<0.001); whereas, the immune cells detected more in non-tumor were as follows: 

plasma cells (q-value<0.001), CD8+ activated T cells (q-value<0.001), gamma delta T 

cells (q-value<0.001), monocytes (q-value=0.005), M1 macrophages (q-value<0.001), 

M2 macrophages (q-value<0.003) and mast activated cells (q-value<0.001) in the 

pooled datasets (Figure 4-3). The TILs with same infiltrating pattern among three HCC 

groups further summarized in Additional file 3. Taken together, these results indicate 
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that immune cells in different virus-driven HCC groups might play an important role 

in the process of carcinogenesis.  

4.4.4 Prognostic associations of clinical diagnose and immune cells in tumor 

tissue 

 To determine the prognostic effect of immune cells in tumor tissue, we utilized 

overall survival (OS) and recurrence-free survival (RFS) as the indicators.  

 In regard to HBV-HCC group, two datasets (GSE14520, n=204; TCGA, n=95) 

were analyzed using univariate, adjusted univariate, and multivariate analysis (Table 

S4-4 and S4-7). The clinical factors that affected patients’ OS and RFS in the two 

datasets were shown in Table S4-5. In GSE14520, there were five clinical factors 

affecting patients’ OS: TNM stage, tumor size, AFP concentration and multinodular 

characteristic; whereas the factors significantly associated with patients’ RFS were as 

follows: gender, TNM stage, and BCLC stage. After adjusting the above factors, aside 

from dendritic activated cells (HR=1.10; p=0.028), dendritic resting cells (HR=1.09; 

p=0.042) also negatively affected the OS of patients in this dataset. The univariate Cox 

regression of OS using a pooled dataset (GSE14520 and TCGA; total n=299) revealed 

that plasma cells (HR=1.06; p=0.005), M1 macrophage (HR=0.96; p=0.021) and 

dendritic activated cells (HR=1.12; p=0.006) all contributed to the model. However, 

there was a slight difference when we excluded non-Asian patients (n=287). According 
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to the univariate analysis, plasma cells (HR=1.06; p=0.008), dendritic activated cells 

(HR=1.04; p=0.05) and dendritic resting cells (HR=1.12; p=0.007) were negatively 

associated with OS and M1 macrophage (HR=0.96; p=0.03) was positively associated 

with OS in Asian case; whereas M0 macrophage (HR=1.02; p=0.005) was negatively 

associated with RFS and M1 macrophage (HR=0.96; p=0.033) was positively 

associated with RFS.  

 Regarding HCV-HCC group, three datasets (GSE10143, GSE17856, and TCGA) 

were investigated (Table S4-8) using only univariate analysis, because there was either 

no clinical annotation or no significant association between known clinical factors and 

OS [207]. The unadjusted univariate analysis of a pooled dataset (GSE10143 and 

TCGA; total n=95) revealed that lymphocytes negatively associated with OS were NK 

resting cells (HR=1.13; p=0.021) and monocytes (HR=1.21; p=0.012). Another 

unadjusted Cox regression analysis of a pooled dataset (GSE10143 and GSE17856; 

n=89) showed lymphocytes negatively associated with RSF were NK resting cells 

(HR=1.11; p=0.035), M2 macrophages (HR=1.04; p=0.003) and neutrophils (HR=1.10; 

p=0.014). 

 For the HCC group, four datasets (GSE10143, n=62; GSE76427, n=52; 

GSE542365, n=78; TCGA, n=329) were analyzed using univariate, adjusted univariate, 

and multivariate analysis (Table S4-9). The adjusted univariate analysis of a pooled 
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dataset (GSE10143, GSE76427, GSE54236, GSE17856, GSE14520, TCGA; total 

n=793) displayed that CD8+ T cells (HR=0.97; p=0.015) was positively associated with 

OS and dendritic activated cells (HR=1.09; p=0.01) was negatively associated with OS; 

while another pooled dataset (GSE10143, GSE76427, GSE14520, GSE17856; total 

n=418) showed that 4 immune cells (plasma cells, gamma delta T cells, NK resting 

cells and monocytes) have a negative impact on RFS.  

 We further identified whether the same immune cells are associated with survival 

among the three HCC groups. Table S4-10 shows that RFS was negatively affected by 

neutrophils in both HBV-HCC (HR=1.11) and HCV-HCC patients (HR=1.20). 

Moreover, in HBV-HCC and HCC tumor, OS had a negative association with dendritic 

activated cells, and RFS showed similar trend against M0 macrophages. Meanwhile, 

the proportion of NK resting cells and M2 macrophages in HCV-HCC and HCC groups 

had a negative impact on RFS. Unfortunately, no common immune cells had a similar 

impact across three HCC groups. Also, the TILs that both affected the survival and 

involved in the carcinogenesis were summarized in Table 4-3. For instance, plasma 

cells (HR=1.05), M1 macrophage (HR=0.95) and dendritic activated cells (HR=1.08) 

were the potential indicators of the survival in HBV-HCC whereas monocytes 

(HR=1.21) was the one in HCV-HCC. These results suggest that the TILs served as the 

survival predictors in HCC may be varied based on its subtypes. 
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4.5 Discussion 

4.5.1 Different immune responses in virus-driven HCCs 

 The hepatitis B virus (HBV) is a small DNA virus with the ability to insert into 

the host genome, causing tumorigenesis. HBV generates the regulatory protein HBx 

involved in cell growth and carcinogenesis. Similarly, in HCC disease, this protein has 

been reported to regulate the Wnt pathway [208] and interfere with the function of 

innate immunity [209]. While the hepatitis C virus (HCV) is a positive-stranded RNA 

virus, which produces nuclear protein to inhibit NK cells’ ability [210]. To our 

knowledge, the distributions and proportions of the TILs in HBV and HCV have not 

been comprehensively investigated. Therefore, different viruses might induce different 

TILs. Our results demonstrated that the immune infiltrates associated with overall 

survival in HCV-HCC patients were differed from those found in HBV-HCC and HCC 

groups.  

 Consistent with previous studies [211, 212], this evidence proved that different 

virus status activated diverse immune responses and further influenced the patient’s 

survival rate. However, because of the small sample size, there were also limitations 

associated with the statistical analysis. Regarding HBV-HCC and HCC groups, the 

results revealed that both plasma cells and dendritic activated cells were negatively 

associated with overall survival. Dong-Ming Kuang et al. pointed out that plasma cells 
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secrete IgG molecule to enhance M2 polarization and M2-polarized macrophage push 

plasma cells to secrete more IgG, forming a positive-feedback loop in hepatoma [213]. 

Additionally, other studies indicated that environmental semimature dendritic cells 

might activate extra FcγRIIlow/− B cells in HCC tumors to suppress cytotoxic T-cell 

function [214] and these semimature dendritic cells also induce immune tolerance 

through enhancing the production of regulatory T cells [215]. Therefore, these results 

found in HBV-HCC and HCC cases are in line with those of previous studies.  

 Similarly, we also found that the comparative proportions of plasma cells, M0 

macrophages, M1 macrophages, CD8+ T-cells and dendritic activated cells 

significantly varied between intra-tumor and non-tumor in HBV-HCC group; 

meanwhile, those differences were also directly related to the survival. While 

neutrophils and monocytes were identified in HCV-HCC group, and CD8+ T cells and 

activated dendritic cells were recognized in the HCC group. These results indicated that 

immune infiltrates may participate in the process of oncogenesis, and the proportion of 

these would further affect the survival time in each patient, suggesting these immune 

cells may be the potential targets in immunotherapy. For example, in HBV-HCC 

disease, corruption of dendritic cells or enhancement of M1 macrophages’ proliferation 

and function could act as anti-cancer strategies. Besides, both activated dendritic cells 

and M0 macrophages were differentially expressed in HBV-HCC and HCC diseases, 
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indicating that the oncogenic mechanism of non-virus-infected HCC might be similar 

to those of HBV-HCC.   

4.5.2 Limitations and future prospects 

 The prevalence of HCC in many Asian countries is generally higher than in 

western countries [216]. Highly infected with HBV is the leading risk in Eastern and 

South-Eastern countries like China, South Korea, and Malaysia [217]; whereas the 

incidence rate of HCV-HCC is high in other Asian countries like Japan and Singapore 

[218]. In this study, most of the datasets with relatively larger sample size in the public 

domains were also from Asia. The ratios of Asian samples to American samples in both 

HBV-HCC and HCV-HCC were around 2 to 1; whereas the ratio of Asian samples to 

other populations (European and American) was about 1:1.2. Therefore, it was not 

feasible to conduct a population-specific analysis by dividing the samples into different 

populations. 

 Few gene expression datasets of HCCs are currently available in the public 

databases and our exclusion criteria further restricted the number of analyzable datasets. 

In addition, since all datasets retrieved from the public domain, we can only analyze 

the variables provided in each dataset. Such limited clinical information, for example, 

a wide range of follow-up time among datasets, might affect the analytical results. 
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Therefore, further investigations are required and warranted to validate the results of 

this study.  

 Since both the total quantity and compositions of TILs were different from cancer 

to cancer, the cytokines and the microenvironment centering on the TILs were also 

different. So, it is possible that different TILs were observed in the adjacent normal 

tissue, even in the same organ. Furthermore, the tumor purity varies in different samples, 

and thus, it might be another reason why we observed different TILs in the non-tumor 

cells. Lastly, although these adjacent normal cells were defined as non-tumor tissue, it 

is difficult to ensure that no lesion or tumor cells exist in them.  

 Lastly, the algorithms applied in this study might not be the most feasible one to 

identify which immune infiltrates increasingly or decreasingly expressed, or even to 

evaluate the exact expressed values changed in each TIL type. Although many pieces 

of researches still have applied the relative expressed values in survival prediction [219, 

220], future work should be undertaken to improve ESTIMATE algorithm to compute 

an absolute score which is not affected by technical issues such as different platforms. 
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4.6 Conclusions 

 In this study, we have shown that the density of infiltrating leukocytes intra-tumor 

is higher than that of the tumor part, and the fractions of TILs among HBV-HCC, HCV-

HCC, and HCC groups are rather diverse. Additionally, our results also revealed that 

different HCC group would present different immune cells affecting the overall 

survival in patients. While for the datasets which contained limited clinical factors were 

avoid. Therefore, further validation using a most significant number of samples is 

necessary, and future prospective improvements in the predicting algorithms could also 

be accessed to minimized the platform effect and explore the absolute quantity of each 

immune cell in non-tumor or the tumor. 
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4.7 Figures 

 

Figure 4-1. Overview of this study. 
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Figure 4-2. Immune scores for intra-tumor and non-tumor parts of hepatocellular 

carcinoma samples. These five datasets with paired data were quantile normalized and 

the normalized data were then inputted into ESTIMATE software for the calculation of 

immune scores comparing the intra-tumor part and its matched non-tumor part. P-

values were tested by Wilcoxon signed-rank test. 

HCC

HBV-HCC HCV-HCC
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Figure 4-3. The relative compositions of TILs population between the intra-tumor 

and non-tumors using CIBERSORT. The datasets used for these visual outputs: (1) 

HBV-HCC: GSE14520; (2) HCV-HCC GSE17856 and GSE10143; (3) HCC: 

GSE74627, GSE54236, GSE10143, GSE14520, and GSE17584. All immune cell types 

were evaluated, but only the statistically significant are labeled on the plot. P-value was 

calculated by Wilcoxon rank-sum test and then adjusted by Bonferroni correction (q-

value). The red dotted line on the y-axis indicates q value of 0.05 whereas the one on 

the x-axis indicates a Z score of 0. 
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4.8 Tables 

Table 4-1. Characteristics of 6 public datasets and the classifications of HCC types. 

Datasets Year Country Sex 

(M/F) 

Mean 

Age 

TNM 

stage 

No. of patients 

HBV-

HCC 

HCV-

HCC 

HCC* 

Paired data 

GSE10143 2008 Japan - - - 14 46 62 

GSE76427 2018 Singapore 45/7 59.5±12.5 I: 28 

II: 12 

III: 12 

- - 52 

GSE54236 2016 Italy 61/17 - - - - 78 

GSE14520 2010 China 178/26 50±10.6 I: 88 

II: 74 

III: 42 

204 - 204 

GSE17856 2010 Japan - - - - 40 40 

Tumor-only data 

GSE76427 2018 Singapore 93/22 63.5±12.7 I: 55 

II: 35 

III,IV: 

24 

- - 115 

TCGA 2014 American 107/222 55±11.7 I:161 

II: 82 

III,IV:86 

95 49 329 

Total      313 135 880 

* HBV-HCC: hepatitis B-related hepatocellular carcinoma; HCV-HCC: hepatitis C-related 

hepatocellular carcinoma; HCC: hepatocellular carcinoma caused by either virus or other reasons in 

clinical feature. 

 



doi:10.6342/NTU202300922

 100 

Table 4-2. The comparative composition of TILs in HBV-HCC. 

GSE No. Group Tissue Immune Scores P value 
Cibersort 

p value q value 
Types Mean of Proportion 

GSE14520 
HBV-HCC 

(n=204) 

Tumor 782.7±643.6 

<0.001 

T.cells.CD4.memory.resting 6.4±8.4/3.9±6 <0.001 0.003 

Nontumor 1215.4±425.9 

T.cells.CD4.memory.activated 0.4±1.4/0.1±0.6 <0.001 0.038 

NK.cells.activated 7.1±4.4/5.7±4 <0.001 <0.001 

Macrophages.M0 12.1±11.1/1.6±4 <0.001 <0.001 

Dendritic.cells.activated 1.4±2.3/0.1±0.4 <0.001 <0.001 

Mast.cells.resting 3.8±4.8/1.3±2.4 <0.001 <0.001 

Plasma.cells 4.7±3.4/5.6±2.8 <0.001 0.001 

T.cells.CD8 11.2±8.5/14.8±7.4 <0.001 <0.001 

T.cells.gamma.delta 5.7±5.2/10±6.5 <0.001 <0.001 

Macrophages.M1 10.9±5.7/15.7±5.4 <0.001 <0.001 

Macrophages.M2 9.7±6.2/13.4±7.5 <0.001 <0.001 

Mast.cells.activated 1.9±3/4±4.4 <0.001 <0.001 

* HBV-HCC: hepatitis B-related hepatocellular carcinoma; T: Tumor; NT: Non-tumor; p value tested by Wilcoxon signed-rank test and q value was adjusted by the 

Bonferroni correction; Proportion values were expressed as mean±SEM. 
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Table 4-3. Summary of the TILs that both participated in 

carcinogenesis and affected the survival of the patient. 

Groups Overall survival (HR) Recurrence-free survival 
(HR) 

HBV-
HCC 

Plasma cell (1.05) 
Macrophages.M1 (0.95) 
Dendritic.cells.activated 
(1.08) 

T.cells.CD8 (0.98) 
Macrophages.M0 (1.02) 

HCV-
HCC 

Monocytes (1.21) Neutrophils (1.01) 

HCC T.cells.CD8 (0.97) 
Dendritic.cells.activated 
(1.09) 

Plasma.cells (1.05) 
T.cells.gamma.delta (1.04) 
Monocytes (1.05) 
Macrophages.M0 (1.04) 
Macrophages.M2 (1.02) 
Dendritic.cells.activated 
(1.15) 

*HR: Hazard Ratio 
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Chapter 5. ceRNAR: an R package for 

identification and analysis of ceRNA-

miRNA triplets 

5.1 Abstract 

Competitive endogenous RNA (ceRNA) represents a novel 

mechanism of gene regulation that controls several biological and 

pathological processes. Recently, an increasing number of in silico 

methods have been developed to accelerate the identification of such 

regulatory events. However, there is still a need for a tool supporting 

the hypothesis that ceRNA regulatory events only occur at specific 

miRNA expression levels. To this end, we present an R package, 

ceRNAR, which allows identification and analysis of ceRNA-miRNA 

triplets via integration of miRNA and RNA expression data. The 

ceRNAR package integrates three main steps: (i) identification of 

ceRNA pairs based on a rank-based correlation between pairs that 

considers the impact of miRNA and a running sum correlation statistic, 
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(ii) sample clustering based on gene-gene correlation by circular 

binary segmentation, and (iii) peak merging to identify the most 

relevant sample patterns. In addition, ceRNAR also provides 

downstream analyses of identified ceRNA-miRNA triplets, including 

network analysis, functional annotation, survival analysis, external 

validation, and integration of different tools. The performance of our 

proposed approach was validated through simulation studies of 

different scenarios. Compared with several published tools, ceRNAR 

was able to identify true ceRNA triplets with high sensitivity, low 

false-positive rates, and acceptable running time. In real data 

applications, the ceRNAs common to two lung cancer datasets were 

identified in both datasets. The bridging miRNA for one of these, the 

ceRNA for MAP4K3, was identified by ceRNAR as hsa-let-7c-5p. 

Since similar cancer subtypes do share some biological patterns, these 

results demonstrated that our proposed algorithm was able to identify 

potential ceRNA targets in real patients. In summary, ceRNAR offers 
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a novel algorithm and a comprehensive pipeline to identify and analyze 

ceRNA regulation. The package is implemented in R and is available 

on GitHub (https://github.com/ywhsiao/ceRNAR). 

Keywords 

Gene regulation, microRNAs, competing endogenous RNAs 

(ceRNAs), mRNA, expression profiles 
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5.2 Introduction 

Regulation of gene expression can occur at multiple levels via 

both transcriptional and post-transcriptional mechanisms [221]. Many 

non-coding RNAs have critical roles in post-transcriptional regulation 

of protein-coding genes [222]. MicroRNAs (miRNAs) are short, non-

coding, single-stranded RNAs with ~22 nucleotides. They usually bind 

protein-coding genes via partial complementarity with many miRNA 

response elements (MREs) to repress gene expression by inhibiting 

translation. Previous studies have shown that miRNAs are involved in 

a broad range of cancer-associated biological processes, including 

apoptosis, proliferation, metastasis, and angiogenesis [223]. Similar to 

gene expression, miRNA expression has cancer-specific patterns that 

can be used to detect cancers. Therefore, the expression values of RNA 

can serve as diagnostic, prognostic, or therapeutic biomarkers in a 

diverse range of cancers [224].  
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The concept of competing endogenous RNAs (ceRNAs), also 

called miRNA sponges or miRNA decoys, has revolutionized our 

knowledge of miRNA regulatory mechanisms. Such RNAs include 

canonical protein-coding messenger RNAs (mRNAs), long non-

coding RNAs (lncRNAs), circular RNAs (circRNAs), and 

pseudogenes [225]. Their mechanism is to compete with miRNAs for 

binding their regulatory sequences. There are two primary hypotheses 

regarding the regulatory function of ceRNAs, based on their 

expression level or their number of MREs [226]. Taking miRNA-

mRNA regulation for example (i.e., where two mRNAs act as ceRNAs 

that can bind to the same miRNA), the first hypothesis is that the 

miRNA tends to be sequestered by the mRNA with the higher 

expression level, leading to weakened inhibitory effects of the miRNA 

on the other mRNA and thus increasing the expression of the other 

mRNA under the assumption of equal MREs on the two RNAs. The 
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second hypothesis is that the miRNA has a greater affinity for the 

mRNA with more MREs in its sequence.  

Some ceRNAs have been identified in multiple cancers; for 

instance, PTEN is an important tumor suppressor gene that was also 

reported to encode ceRNA in prostate cancer [227], glioblastoma [228], 

and melanoma [229]. This suggests that elucidating ceRNAs can 

improve the understanding of biological mechanisms in regulating 

cancer cells. However, using biological experiments to identify 

ceRNAs is time-consuming and labor-intensive. To address this issue, 

an increasing number of computational methods have been developed 

for identifying ceRNAs. 

The traditional algorithm is based on the probability theory that 

two mRNAs share miRNAs and their binding sites (i.e., MREs) [10, 

11]. A hypergeometric test is applied to find out if the probability of 

binding of an mRNA to a given miRNA is larger than that which would 

occur by chance. However, such an approach usually uses a selected 
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threshold to choose significant genes and takes only these genes into 

consideration; it may not extend to the whole-genome level and fails 

to consider the correlation among genes because this approach treats 

each gene independently [230]. 

Recently, because of the popularity of and advances in genomic 

sequencing technology, more and more mRNA and miRNA gene 

expression profiles at the whole-genome level have been released 

publicly [231-233]. However, the analytical results of such continuous 

data may tend to be sensitive to the outliers in the sample and to the 

size of the dataset [234]. Therefore, a second approach has been 

developed based on the observation of linear correlations between 

pairs of mRNAs that suggest they have a higher chance of competing 

with a specific miRNA [235-237]. Unfortunately, such a method 

ignores the contribution of the expression of the miRNA in a ceRNA 

binding event. Additionally, it also uses a permutation test to estimate 

mRNA pairs with significant correlation results; sometimes, it has a 



doi:10.6342/NTU202300922

 109 

higher computational cost. To overcome these drawbacks, in this study, 

we present a novel rank-based algorithm considering the contribution 

of miRNA expression in a ceRNA binding event and extending the 

pairwise correlation approach to identify ceRNA-miRNA triplets. All 

the steps in this algorithm have been incorporated into a user-friendly 

R package called ceRNAR, which also provides several downstream 

analyses to further interpret the biological meaning of identified 

ceRNA events for its users.  
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5.3 Results 

5.3.1 Simulation results 

 To evaluate the performance of our proposed method, simulations 

of mRNA and miRNA expression data in 100 samples were performed 

in different scenarios (S1 Table). Notably, we focused on the 

sensitivity and the positive predictive value (PPV) because the number 

of ceRNA triplets was small among all possible combinations of 

triplets. 

 In the beginning, we presumed the sample distribution of each 

gene follows normal distribution because about 98% of genes’ sample 

distributions passed the normality test based on 9,835 samples in The 

Cancer Genome Atlas (TCGA) pan-cancer atlas (Figure S5-1). 

Therefore, we firstly presumed synthetic expression data were 

generated from a multivariate normal distribution with a mean value 

of 0 and a covariance matrix whose entries are 0.9. This ensured that 

the ceRNAR algorithm supports the hypothesis that pairs of ceRNA 
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binding partners of a specific miRNA are highly correlated and that it 

works well to sensitively identify them among a pool of target pairs. 

However, it is unclear whether such an event between two target genes 

would occur at the lower or higher expression of a specific miRNA. 

Therefore, five scenarios were designed to capture how the molecular 

elements within a triplet interact with each other, and simulations of 

different parameters were performed. Notably, the number of 

identified ceRNAs dropped as the window size increased (Table S5-2 

and S5-3, Figure 5-1). This is because more uncorrelated samples were 

included in the analysis when longer window sizes were used, 

especially larger than 30%. In other words, higher noise was included 

in the analysis, resulting in difficulty in identifying true ceRNA triplets. 

Next, we simulated different scenarios in which the ceRNA peak was 

located at different miRNA expression levels (scenarios 1 to 4). As 

shown in Table S5-2 and Figure 5-3A, the performance of our 

proposed algorithm was highly similar across the four scenarios with 
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true ceRNA signals. Such performance also was shown when 

removing the permutation test (Figure 5-3B and Table S5-3). Lastly, 

to reduce the calculation complexity and computation time, we 

evaluated the performance of the algorithm without the random walk 

step, which we called the “fast” version. Only minor differences were 

observed in these two versions (0.1 to 0.25 in terms of PPV value, 

Tables S5-2 and S5-3), suggesting that both versions were able to 

identify true ceRNA triplets without reporting high false positive 

results (Figure 5-3). 

5.3.2 Application to TCGA cancer cohort datasets 

 In addition to the analytical parameters for the algorithm, a 

simulation of different proportions of the correlated samples was 

performed. Because no major differences were observed in the 

simulated scenarios and running versions, only scenario 3 was 

evaluated in this round of testing. As shown in Table S5-4, four 
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settings for the proportion of correlated samples were analyzed (10%, 

20%, 30%, and 40%). Notably, the proposed algorithm showed similar 

performance in the three highest settings (Figure 5-2A). 

 To further examine whether more false positive ceRNA triplets 

are reported in the fast version, a null scenario without a true ceRNA 

signal was simulated (scenario 5). The results showed that the negative 

predictive values of these versions were all higher than 0.9 (S1 and S2 

Tables), suggesting there is a low chance of identifying false positive 

signals in both versions of the algorithm (Figure 5-2B). Subsequently, 

we examined how much time can be saved by using the fast version of 

the proposed algorithm, which omitted the random walk step. On 

average, the fast version accelerated the algorithm by approximately 

76 times (283.967 seconds versus 21,600 seconds), and only slightly 

higher false positive rates were reported (Figure 5-4B). Lastly, to 

evaluate whether different window sizes for merging peaks are critical 

to the performance of the proposed algorithm, four settings of the 



doi:10.6342/NTU202300922

 114 

proportion of correlated samples and merging window sizes were 

analyzed. As shown in Figure 5-4C and Table S5-5, the performance 

of the proposed algorithm was not sensitive to the window sizes for 

merging peaks.  

 In addition, to ensure the algorithm only sensitively identified 

ceRNA events under higher correlation values between them, we also 

generated simulated data from a multivariate normal distribution with 

the same mean value but a covariance matrix whose entries are 0.6 

(Figure S5-2A and Table S5-6) or 0.3 (Figure S5-2 and Table S5-7). 

Although the ceRNAR algorithm was still able to detect ceRNA pairs 

with moderate sensitivity values (0.4 to 0.5) when the correlation 

values between target genes within a pair were 0.6, it did not work well 

(sensitivity values were all below 0.25) when the correlation values 

between target genes within a pair were 0.3. Together, these results 

support our correlation-based hypothesis that ceRNA events tend to 

occur when they are highly correlated. However, the above-mentioned 
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results were based on simple and naïve simulations. We also mimicked 

the distribution of expression from pan-cancer data (9,835 samples), 

allowing the synthetic data to be generated from a multivariate normal 

distribution with a randomly selected mean value and a covariance 

matrix whose entries are also randomly selected. The simulation 

studies were also performed under different correlation levels. As 

shown in Figure S5-3 and Tables S5-8 to S5-11, the performance of 

the ceRNAR algorithm was determined by the level of the correlation 

values. Nevertheless, it still performed well (sensitivity values > 0.75) 

when the correlation between genes was high and when the window 

size was 10 throughout all scenarios (Figure S5-3B), suggesting the 

ceRNAR algorithm is efficient to identify most potential ceRNA pairs 

when their correlation pattern is relatively high (0.8-0.9) to compete 

with a specific miRNA, and such a pattern exists in at least 20% of the 

sample. The optimal parameter settings for real data were also 
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observed. For 100 samples, the best window size was 10, and the best 

cutoff correlation value for selecting the most significant event was 0.7. 

5.3.3 Comparison with other tools 

 We have compared our tool with other state-of-the-art tools, 

including SPONGE, JAMI, GDCRNATools, and CERNIA, in terms 

of their performances using synthetic data and their running time using 

real data. Figure 5-5A and Table S5-12 illustrate that ceRNAR 

workflow generally outperformed the other tools in terms of sensitivity 

and PPV in all scenarios when the window size is set to 10 and the 

correlation cutoff is set to 0.7. It can be mainly observed when the 

correlation values among correlated genes are relatively high. 

However, all of the tools could identify valid ceRNA triplets without 

reporting high false-positive results except JAMI (Figure 5-5B and 

S12 Table). GDCRNATools generally had a high sensitivity compared 

to the other tools, and a lower specificity than ceRNAR, suggesting 
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that it is good for catching ceRNAs but comes with a relatively high 

rate of false positives. Regarding running time, we used different 

sample numbers (250, 500, and 100) on a small subset of the pan-

cancer dataset with 15 genes which form 105 triplets; we also used 

different triplet numbers (105, 1,225, and 4,950) on a small subset of 

the pan-cancer dataset with 250 samples (Figure S5-4 and Table S5-

13). Although the ceRNA algorithm was not fast with a large sample 

size and a large number of triplets compared with SPONGE, 

GDCRNATools and CERNIA, it was slightly faster than JAMI. 

5.3.4 Application to TCGA cancer cohort datasets 

 To further validate the applicability and robustness of the 

ceRNAR algorithm, we also applied the algorithm to two TCGA-

derived lung cancer cohorts – TCGA-LUAD and TCGA-LUSC (Table 

S5-14). The top bridging miRNAs and the hub genes among ceRNA 

triplets are shown in Table S5-15 and S5-16. Intriguingly, the two 
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cancer cohorts (LUAD and LUSC) shared some common triplets 

involving 53 miRNAs and 905 ceRNAs, which allowed construction 

of a miRNA-modulated ceRNA regulatory network (Figure S5-5). 

Among them, PLEKHG6 had the largest number of co-expressed 

ceRNAs, and of the 53 common miRNAs, the top three miRNAs that 

bridged over 20 ceRNA pairs were hsa-miR-183-5p, hsa-miR-133a-3p, 

and hsa-miR-142-5p. MAP4K3 was another common hub gene in both 

datasets, and its bridging miRNA was hsa-let-7c-5p, around which a 

regulatory network of corresponding ceRNAs was built (Figure S5-

6A), and the expression level related to the regulatory occurrence of 

its bridging ceRNAs is displayed in Figure S5-6B. Since lung cancers 

share some common molecular characteristics, such results 

demonstrate the applicability and robustness of the ceRNAR algorithm 

in multiple cancers or diseases. 

 In addition, we compared our findings against experimentally 

validated miRNA-gene pairs in the miRSponge database to endorse the 
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potential ceRNAs identified by ceRNAR. As shown in Figure S5-7, 

around 1% (ceRNA pairs that can be validated among total ceRNA 

founded based on ceRNAR algorithm) of experimentally validated 

ceRNA triplets were identified in LUAD and LUSC. The low 

proportion may be attributed to the fact that only 158 ceRNA triplets 

were analyzed and that those ceRNA triplets may not be expressed in 

lung tissues. Furthermore, approximately 13-14% of ceRNA triplets 

with at least one experimentally validated miRNA-target interaction 

were identified by using the ceRNAR algorithm. A Chi-square test was 

performed to examine whether the findings from the ceRNAR package 

were significantly enriched in the TCGA data, and the results showed 

that the P-values obtained from the LUAD and LUSC datasets were 

both less than 2.2e-16, suggesting our ceRNAR package can 

successfully identify previously reported ceRNA triplets. 
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5.4 Discussion 

ceRNA events are a newly discovered type of post-transcriptional 

regulation, and the identification of ceRNA-miRNA triplets using in 

silico methods is an emerging research area. Therefore, we developed 

a novel computational algorithm to explore such regulatory events for 

further biomedical interpretation and application. Our proposed 

method is based on a simple pairwise correlation approach that 

considers the miRNA-modulated ceRNA interaction. First, we ranked 

samples based on their miRNA expression value to include the 

contribution of miRNA expression and identify which miRNA 

expression intervals tend to have a higher correlation with pairs of 

mRNA targets. Secondly, we used a sliding window approach to form 

more correlation values in a triplet to improve the performance and 

outcomes of the subsequent statistical approach. Lastly, we applied a 

cumulation-like approach to sum up the slight changes in correlation 

values across samples. We used segment clustering to understand the 
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sample clustering in terms of the gene-gene correlations and the 

miRNA expression intervals so that we could also use sample 

proportion to support our findings. Several simulations have been 

conducted for the optimization of the parameters subject to specific 

ranges of settings, and the robustness of our approach when it does not 

involve a permutation test has also been evaluated through a simulation 

study. Connecting with six downstream analyses, our R package may 

assist researchers to have a deeper understanding of the disease-

specific biological regulation and prognostic application for each 

identified ceRNA-miRNA triplet. 

 Recently, more and more tools have been developed to identify 

potential ceRNA events. It is important to systematically evaluate the 

ceRNAR package in comparison with the five other published ceRNA 

prediction tools—SPONGE [238], CERNIA [239], GDCRNATools 

[240], JAMI [241], and CUPID [242]—that are expression-based 

(rather than sequence-based, i.e., spongeScan [243]). We have 
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compared them in terms of several features, such as miRNA-target 

data sources, study design, ceRNA classes, ceRNA prediction 

algorithm, and language for implementation (Table S5-17). Noting that 

JAMI is the multi-threading version of CUPID, we decided to keep 

only JAMI for further analyses. Thus, we used four algorithms, 

including SPONGE, CERNIA, GDCRNATools, and JAMI, for the 

comparisons. Notably, the four algorithms and our ceRNAR all used a 

similar strategy, which is utilizing miRNA-target data sources to 

identify potential miRNA-gene/lncRNA/pseudogene pairs from other 

databases. All four of these algorithms are implemented in R. JAMI is 

based on conditional mutual information, which is particularly useful 

to capture non-linear associations by estimating the effect of a miRNA 

on its target pairs through a permutation test [244]. Excepting JAMI, 

the rest algorithms consider the correlations between miRNA-

mediated genes/lncRNA. Although the majority of such algorithms are 

correlation-based, some differences still exist. For examples, 
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GDCRNATools is based on sensitivity correlation computation 

through effectively estimating covariate matrices and also considering 

the impact of a miRNA on its target pairs. SPONGE also uses 

sensitivity correlation to quantify the impact of a miRNA on its target 

pairs (i.e., linear partial correlation), but further applies a null model-

based p-value computation to estimate potential ceRNA pairs. It is 

worth mentioning that CERNIA and JAMI consider both MRE- and 

expression-based data, whereas SPONGE, GDCRNATools and 

ceRNAR only analyze genome-wide expression data. Since several 

studies [236, 245, 246] indicate that ceRNA triplets may be observed 

in a specific range of miRNA expression, such an approach can help 

to focus on the true positive region with high signal-to-noise ratio 

instead of missing the ceRNA triplets due to signal dilution by global 

noise. Our ceRNAR algorithm showed the highest sensitivity in 

identifying potential ceRNA triplets (Figure 5-5). 
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 Regarding the two online servers, miRTissue_ce [247] and Encori 

(i.e., starBase v2) [248] are two web servers that integrate ceRNA data 

sources, ceRNA prediction algorithms, and even some data analyses 

and visualizations that can be easily accessed by the users. Fiannaca et 

al. [247] have compared miRTissue_ce and Encori in terms of many 

features. Here, we further compared these web servers with our 

ceRNAR based on these features to see whether there is any add-on 

value that ceRNAR can provide these web services. First, the 

interactions between miRNAs and target genes in ceRNAR are 

supported by nine databases, including two experimentally validated 

miRNA-target databases and seven computationally predicted 

miRNA-target databases. But Encori and miRTissue_ce are supported 

by 4 and 8 computationally predicted miRNA-target databases, 

respectively. Second, Encori uses a hypergeometric test to predict 

ceRNA, and miRTissue_ce integrates that method with a global test 

and SPONGE. However, one major disadvantage of the 
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hypergeometric test is that the test requires a predefined p-value 

threshold to select significant genes. When using differentially 

expressed genes, such an approach is not suitable to be applied to the 

whole genome, because the hypergeometric test fails to consider the 

interactions among genes due to its independence assumption about 

genes. This is why we present a novel rank-based algorithm 

considering the contribution of miRNA expression in a ceRNA event 

and extend the pair-wise correlation approach to identify ceRNA-

miRNA triplets using whole genomic information. Lastly, these two 

web servers can predict many types of ceRNA events, but ceRNAR 

only focuses on one ceRNA event class (i.e., mRNA-miRNA). 

In real application, we utilized non-small cell lung cancer 

(NSCLC) data to evaluate the applicability of ceRNAR. NSCLC 

accounts for 85% of lung cancer and is one of the most common 

malignant tumors worldwide [244]. Although there has been progress 

in successful treatment for NSCLC patients these past several decades, 
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the 5-year survival rate for NSCLC is still relatively low (25%) [249]. 

Also, the molecular networks involved in NSCLC remain 

incompletely described in terms of their roles in etiology, progression, 

and metastasis. Hence, we applied the ceRNAR algorithm to two 

NSCLC-related cancer datasets in TCGA lung cancer cohorts. Several 

common miRNAs and ceRNAs identified by the ceRNAR algorithm 

have also been previously reported by other studies. For example, hsa-

miR-183-5p was found to inversely regulate PTPN4, serving as a 

therapeutic target to suppress the metastatic potential in NSCLC 

patients [250], and hsa-let-7c-5p was verified to prevent cancer 

metastasis by degrading its bridging hub ceRNA, MAP4K3 [251]. 

Although our simulation results suggest that the majority of 

performance indicators have only slight differences in the four 

scenarios using both complete and fast versions, and the best parameter 

setting for window size is 10 and for peak threshold is 0.7, and the fine-

tuning of appropriate parameters for non-TCGA datasets still needs to 
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be tested. Nevertheless, these results still demonstrated our proposed 

method is robust and potentially applicable, allowing it to be extended 

to studies of other diseases.  

However, some limitations still existed in our study. First, a 

smaller sample size of cancer cohorts (i.e., a smaller window size in 

our case) may lead to less statistical power of the findings. Second, we 

presumed a linear relationship between the two ceRNAs in each triplet, 

but in reality, they were not always linearly correlated. Although we 

have implemented a sliding window approach to capture such 

relationships, other methods such as mutual information [252] can also 

be applied. Moreover, the accuracy of the miRNA target prediction 

databases we used may have affected the definition of putative 

ceRNA-miRNA triplets and the outcomes of the ceRNAR algorithm 

because the mechanisms of some miRNA targeting systems have not 

been fully understood. It is also worth mentioning that our simulation 

results were based on a predefined covariance matrix. That is the true 
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positive events were from the correlation-based approaches, and thus 

such events only showed linear relationships among the elements. 

Notably, such design may lead to the poor performance of JAMI 

because their algorithm was developed by using the mutual 

information strategy, which was able to capture non-linear 

relationships among ceRNA pairs in addition to the linear ones. Lastly, 

the majority of our findings from the real case study were novel 

compared to the miRSponge database, although some of the miRNA-

targets contained an interaction that was previously experimentally 

validated. Perhaps further experimental validation of those triplets that 

contained one experimentally validated miRNA-target interaction 

should be prioritized to increase the robustness of our algorithm and 

the reliability of the novel findings. Therefore, the consideration of all 

types of miRNA sponges, the amount of MREs, multiple miRNAs that 

may compete for the same pair of target genes, nontrivial correlations 

which involve the comparison of pairwise correlation and pairwise 
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partial correlation, and the minimization of computational time are 

important key areas for further optimization and extension of the 

ceRNAR algorithm.  

 In summary, ceRNAR is a promising tool for the recognition of 

ceRNA-miRNA triplets and ceRNA-ceRNA interaction networks in 

many human diseases, and hence will speed up our knowledge of the 

regulatory mechanisms and functions of ceRNA-miRNA triplets in the 

pathogenesis of disease, including cancers. 
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5.5 Materials and Methods 

5.5.1 Pipeline of ceRNAR 

 The ceRNAR package is written in R (version 4.0.5) and is 

available in the Github repository. The main pipeline of ceRNAR is 

illustrated in Figure 5-4 and contains three major components for the 

identification and analysis of ceRNA-miRNA triplets: 

• Data preprocessing 

• Identification of ceRNA-miRNA triplets 

• Downstream analyses 

 To reduce the computational complexity and time cost, the 

interactions between miRNAs and target genes were based on two 

experimentally validated miRNA-target databases (miRTarBase [253] 

and miRecords [254]) and seven computationally predicted miRNA-

target databases (DIANA-micro T-CDS [255], EIMMO [256], 

miRDB[257], miRanda [258], PITA [259], RNA22 [260] and 

TargetScan [261]). In the default settings, only those interactions that 
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were validated by experiments and/or predicted by more than half of 

the databases are retained as target miRNAs and target genes (Figure 

S5-8A). Conceptually, the ceRNAR algorithm iteratively goes over 

each miRNA-target list and runs through each mRNA pair in a list to 

evaluate the chance of the potential ceRNA event involved. For a 

specific triplet (i.e., a miRNA and its two targets), their expression 

vectors are extracted from the original expression matrix. Therefore, a 

miRNA expression vector, miRNAm = [mm1, mm2, …], and two 

mRNA expression vectors, mRNAi = [genei1, genei2, …] and mRNAj 

= [genej1, genej2, …], are used as inputs into the ceRNAR algorithm 

to iteratively evaluate whether each mRNA pair is a potential ceRNA 

event (Figure S5-8B).  

5.5.2 Data preprocessing  

 To prepare expression data for further analyses, ceRNAR can 

automatically retrieve TCGA data, including mRNA expression, 
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miRNA expression, and survival data, by entering the cancer acronym 

[262], but it also supports the use of customized miRNA and mRNA 

expression matrices that are pre-normalized and formatted according 

to the instructions. In ceRNAR, we implement two functions to fulfill 

these two approaches: ceRNATCGA and ceRNACustomize.  

5.5.3 Identification of ceRNA-miRNA triplets 

 To identify miRNA-ceRNA triplets (defined here as a miRNA 

and two target genes) from expression profiles at a specific miRNA 

expression level, the ceRNAMethod function can be used, and it 

contains three modules sequentially: ceRNApairFiltering, 

SegmentClustering, and PeakMerging (Figure 5-5). We have two 

assumptions in this study: (1) the expression levels of two target genes 

tend to be highly correlated when a possible ceRNA event occurs; (2) 

such events between target genes of a certain miRNA occur at a 

specific expression interval of that miRNA. However, for each ceRNA 
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triplet from the real data, it is difficult to know which levels of miRNA 

expression (low, middle, or high expression intervals) will lead to a 

high correlation between a pair of target genes. Notably, for one 

miRNA, the high correlation values between two target genes can only 

be observed in a specific range of the miRNA expression. Definitely, 

the expression level of one miRNA can be regulated by many factors, 

such as compensation and/or other interactors. However, with our 

current understanding of all miRNAs, it is not feasible to consider all 

potential regulators of one specific miRNA at the same time. Therefore, 

for one single miRNA, we adapted the approach of utilizing its 

expression level as the final output instead of considering all possible 

confounding factors, which can be regarded as the hidden layers of the 

miRNA expression value. 
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5.5.4 The ceRNApairFiltering method 

 We adopted the sliding window approach to identify the 

correlation patterns of the two target genes within a specific range of 

expression values for the miRNA. That is the reason why we ranked 

the samples based on their miRNA expression value from each triplet 

to identify the correlation patterns and provided the number of samples 

that meet the criteria. Therefore, the purpose of this function is to 

identify ceRNA-miRNA triplets based on the Pearson correlation 

coefficient through the sliding window approach (Figure S5-9) and a 

running sum statistic for such values by the random walk approach 

(Figure S5-10). First, the samples are sorted based on their miRNA 

expression levels. For a putative triplet (genei, miRNAm, genej) among 

N samples, the correlation coefficients of gene expression values 

between mRNA and miRNA are calculated within each window (i.e., 

a length of sample size that is always less than N) with predefined 

window size (w) as follows: 
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Here k is the number of windows and a predefined integer. Technically, 

the correlation value between two genes is calculated using the gene 

expression values of all samples. By using a sliding window approach 

[263], we can artificially create different varieties of a real dataset to 

increase its size, which is a sort of data augmentation technique [264].  

 Because the accumulated changes in terms of correlation values 

between two genes among samples may tend to increase the chance 

that a gene pair is highly correlated and, further, will affect a specific 

phenotype, we borrowed the concept of gene set enrichment analysis 

(GSEA) [265], which captures the accumulated changes in the 

expression of all genes within a pathway through a random-walk 

method, to identify a significant triplet according to the number of the 

samples enriched in such an event. The main idea of the GSEA 
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algorithm is to understand whether the differentially expressed genes 

are significantly enriched in the samples belonging to the same 

phenotype (case or control). First, the differentially expressed genes 

were ranked by using the differences in expression level between the 

two phenotypes. Next, the GSEA algorithm gave a positive score to 

the genes located in the pathway, whereas a negative score was 

assigned to the genes outside of the pathway. One possible scenario to 

obtain a high score is that the differentially expressed genes were 

clustered and enriched in one phenotype instead of being randomly 

distributed. This scenario is the same as what we want to identify for 

the ceRNA triplet. That is, the highest correlation values were 

observed in a specific range of the miRNA expression and thus we 

used the two statistics, Pobey(k) and Pviolate(k) to identify the range 

(Figure S5-11). Conceptually, to calculate a score (S) to represent the 

enriched correlation levels among samples against a specific 

phenotype, we first rank ordered the k windows to form L={miRNA1, 
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miRNA2, …, miRNAk}based on the average miRNA expression 

within each window: 

𝑚𝑖𝑅𝑁𝐴! = ?𝑚!&,
",$,%

)*'

,-.

𝑤A  ( 2 ) 

Next, the S is computed by walking down the window list to evaluated 

Pobey(k), which is the proportion of samples whose gene correlations 

are over 0.3 (i.e., 𝑟!
",$,% > 0.3 ), weighted by their corresponding 

correlation and Pviolate(k), which is the proportion of the rest of the 

samples at a given ranking window position k across all samples. The 

formulas are as follows: 
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S is then defined as the maximum distance from zero of the substations 

of Pobey(k) from Pviolate(k). If the samples with similar correlation 

values are not enriched at a particular miRNA expression interval, it 

means those gene pairs are not biologically relevant to compete with 

miRNA in a miRNA-gene triplet; that is, there is no ceRNA event 

observed in this triplet (Figure S5-11). Finally, we accessed the 

significance of an observed S by comparing it with the theoretical S 

computed by randomly permutating the expression of the candidate 

miRNAm 1,000 times to provide assessment of significance. When an 

entire sample of potential triplets is evaluated, these p-values will be 

adjusted by the false discovery rate, which provides the estimated 

probability of whether a triplet within an entire set of potential triplets 

is a false positive finding or not. After that, we report the ceRNA pairs 

with statistical significance of the observed S (e.g., adjusted p-value 

<0.05) as significant ceRNA interactions. For one miRNA, a low score 

S will be observed if the two target genes have no correlation within a 
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specific range of miRNA expression. On the other hand, the score S 

will be high if a large proportion of the samples showed high 

correlation among the two target genes (Pobey(k) is high). Consequently, 

we can use the score S to identify a ceRNA triplet when S is high, and 

a statistical approach was performed to ensure that S cannot be 

identified randomly. 

5.5.5 The SegmentClustering method 

The motivation of the segment clustering is to group the samples 

showing high correlation between the expression levels of the two 

target genes into one single cluster. In our analysis, we divided the 

samples into small groups (i.e., a window) to calculate the correlation 

values of the two target genes. Accordingly, we may identify several 

different groups showing high correlations that actually can be 

clustered into one single cluster because of their similar correlation 

values. Therefore, in this method, the concept of a circular binary 
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segment algorithm, which was originally designed for change-point 

problems such as the identification of copy number variation, is used 

[266] to evaluate whether those small windows showing high 

correlation values should be clustered into a larger group. This method 

has been widely used in the analysis of copy number variations (CNVs) 

by many algorithms [267, 268]. Since several previous studies [236, 

245, 246] indicated that ceRNA triplets may be observed in a specific 

range, the purpose of such an approach is to explore the clustering 

patterns of samples in terms of their gene-gene correlation values per 

triplet and then group samples with similar correlation values so that a 

certain miRNA expression interval with the highest correlation within 

a ceRNA pair can be observed. This algorithm starts with all segments 

(i.e., several intervals of rank-ordered miRNA expression) identified 

from the whole dataset. Similar to the previous method, the samples 

are sorted by the miRNA expression values. A recursive test for the 

change-points is calculated based on the correlation values of each 



doi:10.6342/NTU202300922

 141 

gene-miRNA pair between each set of two neighboring regions of 

rank-ordered miRNA expression, and it stops when no significant 

changes can be found in any two segments. The maximal t-statistic 

with a permutation reference distribution is chosen to obtain the 

corresponding p-value. Let 𝑋', …,	𝑋, be the correlation coefficients 

of two genes, which are indexed by the corresponding miRNA 

expression of the n samples being studied. The test statistic is given by 

𝑍7 = 𝑚𝑎𝑥':$>%:,R𝑍$%R , where 𝑍$%  is the two-sample t-statistic to 

compare the mean of the correlation of two genes with the index, which 

refers to the position within the rank-ordered miRNA expression from 

i+1 to j, to the mean of the correlation of the rest of the genes. That is,  

𝑍$% = {
1

𝑗 − 𝑖 +
1

𝑛 − 𝑗 + 𝑖}
*'/@ X

𝑆% − 𝑆$
𝑗 − 𝑖 −

𝑆, − 𝑆% + 𝑆$
𝑛 − 𝑗 + 𝑖 Z ( 5 ) 

where 𝑆$ = 𝑋' +⋯+ 𝑋$ , 𝑆% = 𝑋' +⋯+ 𝑋% 	(1 ≤ 𝑖 < 𝑗 ≤ 𝑛)	are the 

partial sums. If the p-values are smaller than a threshold level 𝛼 

(typically 0.01), a change is declared to be statistically significant. The 

locations of the change-points as the i and j that maximize the test 
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statistic are also estimated by using either Monte Carlo simulations 

[269] or the approximation approach [270]. After performing the 

segment clustering approach, only a few groups of samples showing 

high correlation remain for further analyses. We have a basic 

assumption here for the ceRNA triplet: the correlation values should 

be stable across the sliding window approach and thus the correlation 

values should not be bouncing up and down within a small sample size. 

Following this assumption, we performed the peak merging step to 

ensure two nearby peaks were merged into one under certain criteria.  

  5.5.6 The PeakMerging method 

 This method is designed to prevent smashed segments resulting 

from noise. First, two segments are merged when the difference of their 

correlation values is smaller than a predefined value, and whether the 

finalized segments are peaks or troughs is defined compared to the 

baseline. Then, the Fisher transformation is performed to test the 
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difference between two adjacent peaks by comparing their differences 

against the null hypothesis. Two adjacent peaks are further merged if 

there is no statistically significant difference between them. Because 

we presumed it is less likely that two genes are highly correlated to 

compete for a miRNA at more than two miRNA expression intervals, 

the triplet was abandoned when more than two peaks occurred in such 

a relationship. Lastly, candidate ceRNAs are finally selected when 

their correlation pattern contains a peak with a correlation value over 

a predefined threshold value (0.3, 0.5, or 0.7).  

 The final output of the ceRNAMethod function provides 

information on each miRNA, its candidate ceRNA pairs, its peak 

position within the rank-ordered miRNA expression interval, and the 

number of samples involved in such ceRNA interactions (Figure S5-

12). 
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5.5.7 Downstream functional analyses  

To characterize the biological functions and pathways of 

identified ceRNA pairs, we implemented the ceRNAModule function 

to generate ceRNA modules from their interaction networks. For the 

ceRNA modules, the ceRNAFunction function is used to perform 

functional enrichment analysis based on two ontology databases, the 

Gene Ontology database (GO, http://geneontology.org/) [271] and the 

Kyoto Encyclopedia of Genes and Genomes Pathway Database 

(KEGG, https://www.genome.jp/kegg/) [272]. Survival analysis has 

been widely used in biomedical fields to indicate whether the ceRNAs 

in the discovered interaction module are associated with the survival 

of cancer patients. Hence, in ceRNAR, we implemented the 

ceRNASurvival function to perform survival analysis. First, the risk 

score of each sample is calculated using a multivariate Cox model. All 

the samples (i.e., different patients) are divided into high or low risk 

groups based on their median risk scores. The Kaplan-Meier method 
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with a log-rank test is used to test and visualize the difference between 

the high and low risk groups. Additionally, the ceRNALocation 

function allows users to further visualize the expression level of a 

specific miRNA when modulated by a specific ceRNA. We also 

implemented an integrated function (ceRNAIntegrate) to combine our 

results with other state-of-the-art tools, such as SPONGE [238] and 

JAMI [241], and a validation function (ceRNAValidate) based on the 

miRSponge database. The graphical outputs of the above-mentioned 

functions are presented in Figure S5-13 to S5-15. 

5.5.8 Simulation study 

 In the simulation study, two types of expression data (ceRNA and 

miRNA) of 100 samples were generated. In each triplet, we presumed 

10-40% of samples have correlated genes whereas the rest of the 

samples do not. The simulated expression profile of 100 samples of 

miRNA was distributed uniformly between 0 and 1 and was used to 



doi:10.6342/NTU202300922

 146 

sort our samples. We simulated the gene expression profiles of these 

target gene pairs under two situations. The first is a naïve profile of the 

correlated genes simply generated from a multivariate normal 

distribution with a mean value of 0 and a covariance matrix whose 

entries are 0.9, while the expression distribution of the uncorrelated 

genes was specified by setting its mean and variance to zero. Another 

simulation scenario is mimicking a real-data profile (9,835 pan-cancer 

samples) generated from a multivariate normal distribution with a 

randomly selected mean value (±2, ±1 and 0), and a covariance matrix 

whose entries are also randomly selected from 0.3 to 0.9 (correlation 

level: all), while the expression distribution of the uncorrelated genes 

was specified by setting its mean (also randomly selected) at ±2, ±1, 

and 0, and its variance (randomly selected) at 0 to 0.2 (Figure S5-16). 

We also specified three correlation levels (high = 0.8-0.9, mid = 0.5-

0.7, and low = 0.3-0.4) and randomly selected values within them to 

construct the covariance matrix. The normality test for sample 



doi:10.6342/NTU202300922

 147 

distribution of each gene was conducted by the Anderson-Darling 

method [273].  

 Five scenarios were considered and are summarized in Table S5-

1. The first three scenarios were designed for a single peak (i.e., the 

highest correlation value of the target genes compared to the baseline) 

occurring at different locations (i.e., different miRNA expression 

intervals): lower miRNA expression (left, scenario 3), higher miRNA 

expression (right, scenario 2), and average miRNA expression (center, 

scenario 1), which represents specific correlation coefficient values 

existing at different expression levels of miRNA. The fourth scenario 

was designed for considering the occurrence of two peaks. A null 

scenario was also compared to test the validity of the other conditions. 

Two parameters were set under each scenario: window size (10%, 20%, 

30%, and 40%) and the threshold at which to define a peak (0.3, 0.5, 

and 0.7). Each scenario was simulated 1,000 times. We conducted 

these simulations using either the complete or fast versions of the 
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algorithm, the latter of which reduced computational complexity by 

omitting the random walk step. The proportion of correlated samples 

(10%, 20%, 30%, and 40%) was also analyzed. 

5.5.9 Real data application for tools comparison and validation 

 In order to compare many aspects, including the computational 

cost and the quality of the results, of ceRNAR with the other tools 

(SPONGE [238], CERNIA [239] and JAMI [241]), which similarly 

used miRNA and paired target gene expression to identify gene-

miRNA-gene triplets, we used subsets of the TCGA pan-cancer atlas 

with different sample sizes and gene/triplet numbers. We ran these 

tools with default parameter settings in parallel processing with 8 cores 

with varying sample sizes and numbers of genes. 

 Regarding real data application, we retrieved two sequencing 

datasets (TCGA-LUAD and TCGA-LUSC) from TCGA [274] to 

demonstrate the potential application of our proposed algorithm. These 
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datasets are all retrieved from public domains (GDG data portal: 

https://portal.gdc.cancer.gov/). The TCGA-LUAD dataset contained 

510 samples from lung adenocarcinoma patients, and the TCGA-

LUSC dataset contained 476 samples from squamous cell carcinoma 

patients. To validate the results, the potential ceRNAs identified by our 

tool were validated experimentally using the miRsponge database 

[275], and the ceRNAs shared by these two datasets were further 

analyzed.
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5.7 Figures 

 

Figure 5-1. Performance of our proposed method in four scenarios (1 to 4). (A) The complete version. (B) The fast 

version. The numbers in blue represent the average number of identified ceRNA-miRNA triplets after 100 simulations.
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Figure 5-2. Performance of our proposed method in three extended cases. (A) 

Different proportions of correlated samples in scenario 3 using the fast version. (B) 

Comparison between complete and fast versions in the null scenario (i.e., scenario 5). 

(C) Different distances for merging peaks when window size is equal to 40 using the 

complete version. The numbers in blue represent the number of identified ceRNA-

miRNA triplets.  
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Figure 5-3. Performance comparisons between ceRNIA, JAMI, SPONGE, 

GDCRNATools and ceRNAR packages using synthetic data that mimic the real-

world case. (A) Sensitivity and PPV of various tools at different correlation levels for 

100 samples of 105 pairs of target genes under four scenarios (1 to 4). (B) Specificity 

and NPV of various tools at different correlation levels for 100 sample of 105 pairs of 

target genes under null scenario (scenario 5). “cor_levels” represents four different 

correlation levels (all: 0.3-0.9; high: 0.8-0.9; low: 0.3-0.4; mid: 0.5-0.7). 
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Figure 5-4. An overview of our ceRNAR package. This package includes three main 

parts. First, “Input data” has three functions: ceRNAputativePairs() for extracting 

curated miRNA-target lists, ceRNATCGA() for retrieving TCGA data, and 

ceRNAcustomize() for importing customized data. Second, “Identification of miRNA-

ceRNA triplets” involves ceRNApairFiltering() and 

SegmentClusteringPlusPeakMerging() and is wrapped into a ceRNAmethod() function. 

Lastly, “Downstream analyses” contains six functions for different tasks, that is, 

ceRNAFunction(), ceRNAModule(), ceRNASurvival(), ceRNALocation(), 

ceRNAValidate() and ceRNAIntegrate(). 
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Figure 5-5. Three main modules involved in the identification of ceRNA-miRNA 

triplets. First, ‘ceRNA pair filtering’ contains sample sorting based on a miRNA 

expression vector, data augmentation in terms of correlation calculation through a 

sliding window, and permutation test by random walk. Next, ‘Segment clustering’ is 

based on circular binary segmentation to identify certain miRNA expression intervals 

(i.e., segments) with the highest correlation between potential ceRNA pairs. Short 

segments defined by our criteria are further merged and whether a segment is a peak or 

a trough is defined. Lastly, ‘Adjacent peak merging’ checks whether a triplet is a 

candidate ceRNA through two filtering conditions.
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6. Discussion 

 With the rapid development of the next-generation sequencing techniques and 

bioinformatics algorithms, high-throughput biological data have become less expensive 

and more accessible such that more studies can explore to a greater level of the genetic 

impacts on various diseases. The public accessibility of high-throughput genomic data 

further fulfils the possibility of large-scale and integrative genomic studies to deeply 

address many biological issues. Currently, several public genomic data repositories 

have been established and are freely assessable for the public; for example, GEO 

created and maintained by NCBI have stored thousands of genomic data generated by 

any kind of sequencing techniques [231]; and TCGA is the one of larger pan-cancer 

genomics project which contains multi-omics data and clinical information in 33 cancer 

type [276]. Leveraging the power of these public data resources, in this dissertation, we 

have identified several genetic features at different genomic levels as 

prognostic/therapeutic targets in multiple cancers to pilot the clinical applications, 

hoping to achieve the ultimate goals of precision medicine. 

 The huge number of genetic markers at different genetic levels may hamper the 

process of identifying prognostic/therapeutic biomarkers. Hence, in this dissertation, 

we used two different approaches to address this issue: (1) summarized values for 

tumor-specific features, and (2) statistical methods including machine learning 
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approaches for feature selection. The former, for example, the proportion of the total 

amount of TILs can be estimated through gene expression data and proper 

bioinformatics tools [277]; and HRD score can be counted through large scale structural 

variation data and its corresponding tools [278]. Also, through the definition of 

functional damage and curated databases, we can narrow down the highly pathogenic 

variant locus for further biological interpretation [279]. As for the latter one, traditional 

both parametric or non-parametric statistical tests like t-test or the Wilcoxon signed-

rank test have been widely applied into the identification of differentially expressed 

genes that can be considered as the unique signatures for specific disease patterns [280]. 

Several regression-based methods, such as SKAT-O, have also been developed to 

identify phenotype-specific variants [281]. Recently, the machine learning approach 

has been revolutionized the fields of the discovery of potential biomarkers that are of 

clinical relevance. For example, tree-based approaches such as random forest and 

XGBoost, provide feature selection strategies to remain the most relevant features for 

either subtype classification or prognostic prediction [282]. Although such a 

quantitative or statistical approach does accelerate the speed of the biomarker discover, 

it still needs lots of supports from either biological experiments or curated databases 

such as QIAGEN Ingenuity Pathway Analysis (IPA) to warrant the applicability of the 

identified biomarkers [283]. Nevertheless, along with the more large scale of genomic 
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data, the development of advanced statistical approaches also plays an important role 

in the understanding of cancer genetics.   

 Aside from considering only single omics data, more and more studies now have 

a focus on at least two layers of genomic features or even multi-omics in their study to 

gain comprehensive insights into the whole genomic regulation system and mechanism 

that cause the diseases. Over the past decades, many non-coding RNAs have identified 

and confirmed their role in post-transcriptional regulation of protein-coding genes and 

such RNAs include microRNAs, long non-coding RNAs, circular RNAs [284]. 

Although they have no direct impact on protein function, they do regulate the 

expression of protein-coding genes by interfering with the physical binding of 

translation-related proteins and further affecting the amount of protein that is translated 

[285]. Therefore, in this dissertation, we also considered the regulatory events to 

understand the etiology of diseases, including cancers, hoping to unveil the novel 

pathogenic mechanism for the better design of the medical intervention. 

 However, several drawbacks exist in this dissertation. First, batch effects across 

data from different studies and technical variance across different platforms may affect 

the robustness of the model building and the accuracy of the results. Although several 

new statistical approaches, such as COMBAT and XPN, have been developed to 

minimize such effects [286], the result interpretation still needs to be cautioned for 
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further clinical application. Second, public data with limited sample size and clinical 

information for specific cancer types may tend to provide more false-positive results. 

For instance, our HRD study has suffered from a limited number of Asian samples; 

hence, a larger scale of population-based studies is necessary for comprehensive 

investigation for Asian unique HRD patterns. Lastly, some limitations have been 

observed in the well-established methodologies used in this dissertation. GA-XGBoost 

algorithm tended to generate different optimal genetic combinations which may not be 

a robust result. ESTIMATE algorithm can only provide a total amount of TILs while 

CIBERSORT can only offer the proportion of each TILs not the absolute quantity of 

each of them. Therefore, the improvement of current methodologies is warranted for 

the accurate estimation of genomic features and robust results for biological 

interpretation and clinical usage. 

 With the advance of techniques and computational knowledge, future works 

should focus on three aspects to speed up the field of cancer prognosis. First, the 

resolution of the data quality can be improved through single-cell techniques [287]. 

Second, considering all genomic features, including DNA, RNA and protein, in cancer 

prognosis is a current trend to provide deep insights into the understanding of cancer 

mechanism and the discovery the novel prognostic markers [288]. Lastly, many new 

artificial intelligence frames, such as CNN and RNN, can further assist the 
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classification and biomarker discovery through multi-omics data [289]. In addition, 

advanced computational techniques, such as GPU or quantum computers, can 

accelerate the analytic procedure in the field of medical genomics [290, 291]. 

 In conclusion, in this dissertation, we used different levels of genetic features: (1) 

DNA level includes homologous recombination deficiency (HRD), (2) RNA level 

includes whole transcriptomes and tumor-infiltrating lymphocytes (TILs) and (3) post-

transcription regulation (the identification of ceRNA); and used a wide range of well-

established or novel methodologies to study cancer prognosis prediction in multiple 

cancer types including ovarian cancer, hepatocellular carcinomas (cancer subtypes) and 

pan-cancer (racial difference), hoping to achieve the ultimate goals of precision 

medicine. 
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