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CHAPTER 1 

INTRODUCTION 

The field of bioinformatics has emerged and developed as high-throughput technologies 

started to get widely implemented in research studies. High-throughput experimental methods, 

such as ChIP-seq, genome sequence, RNA-seq, ChIA-PET, and microarray, which are commonly 

used in studies, require sophisticated computational analysis. With overwhelming amounts of 

data continually getting generated, application of bioinformatics methods are crucial to extract 

biologically meaningful information. 

The focus of this work is to apply various bioinformatics methodology to study and 

answer challenging questions in cancer.  Cancer is a complex disease that is characterized by 

high proliferation and metastasis as one of its traits [1].  According to the American Cancer 

Society Cancer Statistics 2012, it is estimated that probability for male and female to encounter 

cancer in their lifetime is 1/2 and 1/3, respectively. It is a disease that affects most Americans 

either directly or indirectly. 

Recently, an approach to cancer research has been experiencing transitions as it 

continues to adapt and integrate new technologies. The traditional method to study cancer has 

been finding the oncogenes or characterizing functions of genes that may be responsible or 

contribute to the development of cancer. This approach, while it has been effective at 

understanding the function of cancer-related genes, it has not been successful at providing key 

insights to the fundamental problems of cancer. The question of “why” and “how” are still being 

investigated. 
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One of the challenges in cancer is an early diagnosis. The prognosis of a patient depends 

on the stage of the cancer in which it is diagnosed; the earlier the cancer is diagnosed, the 

better the prognosis is. The prognosis is measured by the five year survival rate. In gastric cancer, 

for example, the survival rate if diagnosed at Stage I ranges from 57%-71%. In contrast, the 

survival rate for Stage IV diagnosis is at 4% [2]. The survival rate plummets as the cancer is 

diagnosed at a later stage. This statistic is a strong indication of the importance of the early 

detection. However, early diagnosis is not trivial as most cancers show no obvious symptoms 

until it is fully metastasized and invading other organs.   

There are many methods currently used to diagnose cancer. Some of diagnostic 

methods are MRI, CAT -Scans, endoscopy, and X-ray. However, it is often inconvenient for 

patients and costly, thus it is not part of routine check-ups. An effective biomarker, that is highly 

accurate, is desirable. 

We focus our study in enhancing biomarker discovery in urine. While there are other 

biofluid which are good sources of biomarkers, serum, plasma, or saliva, there are several 

advantages of finding biomarkers in urine. It is non-invasive, thus it is easy to collect. An ample 

amount of sample can be collected over duration of time for monitoring purposes. And urine is 

relatively simple in composition, which makes detection of biomarker and the results 

unequivocal. 

Traditionally, approaches to the discovery of biomarkers were top-down. The data is 

collected to find all existing biomolecules in a sample and are compared to find proteins that 

show differential expression. When a sample is collected, protein profiling is done. The 

proteomics profiling usually utilizes various platforms of Mass Spectrometry. The challenges in 

interpreting the data and detecting proteins that are masked by highly abundant proteins may 

hinder or obscure the discovery of a true biomarker. Thus we propose and utilize a target-
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focused study, where we circumvent the profiling step. The target-focused discovery proposed 

here, is to predict proteins that can get excreted to urine among the differentially expressed 

genes. Thus, an antibody mediated platform such as Western Blot or Elisa can be used to test 

the candidate markers. This methodology has proven effective and can be applied to wide-range 

of studies. 

Another on-going battle in cancer is to understand how a cancer is developed and why 

they are able to evade cell death. Even after decades of research with tremendous amounts of 

resources, cancer still remains elusive. It is perplexed and complicated disease that remains to 

be understood in numerous perspectives.  

With sequencing techniques revolutionizing the cancer research, the cost of genome 

sequencing technology has become affordable that it enables researchers to study cancer in 

genomic scale. The first cancer genome study on Acute Myeloid Leukemia was published in 2008 

[3]. Since its astonishing finding of over 20,000 mutations in AML, the same approach was 

repeated in other types of cancer [4]. This approach was successful in identifying tumor specific 

mutations, thus collaborative efforts to sequence large numbers of cancer genomes has been 

initiated, termed The Cancer Genome Atlas. 

Only recently it became feasible to carry out whole genomics projects thanks to the low 

sequencing cost fostered by the $1000 genome competition, the Archon Genomics X PRIZE. The 

next generation sequencing technologies empower researchers to comprehensively characterize 

the mutations profile in cancer. It is a beginning step towards understanding the genetic 

changes responsible for the disease.  Using this approach, the sequence of 5 pairs of gastric 

cancer tissue genomes and its corresponding healthy tissue genomes are examined 

comparatively to characterize single point mutation behavior in gastric cancer. 
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In addition to genomics, transcriptomics is a widely popular method to profile gene 

expression in a sample. The field of transcriptomics was pioneered by the microarray platform, 

which later was expanded by –seq methods [5]. The transcriptomics data can provide insights 

into the transcriptional behavior or the levels of gene expression in different conditions. By 

utilizing transcriptomics data, we aim to answer the below questions. 

1) We utilize transcriptomics data to understand the ways cancer cells suppress 

apoptotic pathways. Apoptosis, a cell death pathway, is intricately controlled in a 

cell. Each cell is equipped with a mechanism to initiate a suicide when an abnormal 

activity is detected. In a normal cell, the activity of proliferation and the apoptosis is 

correlated [6,7]. This is to prevent a cell from dividing uncontrollably. However, this 

balance in proliferation and apoptosis is lost and the apoptotic pathway is 

suppressed in cancer cells[1]. The mechanism on how a cell is able to suppress 

apoptosis is poorly understood. With transcriptomics data available, we approach 

this problem to examine the apoptosis related genes in different pathway: intrinsic 

apoptosis, extrinsic apoptosis, and immune response triggered apoptosis. 

2) Transcriptome data can also be used to gain understanding on the transcription 

machinery. The co-localization of distal DNA regions is a phenomenon which has 

been observed during transcription but has been highly under the debate [8,9]. To 

approach this question, genome-wide interactome data is used to complement 

genome-wide transcriptome data to examine behavior of transcriptional activity in 

interacting sites. The aim is to find whether spatial colocalization is a phenomenon 

spurred by transcription, or is purely out of a random chance. If it is a random 

phenomenon, no correlation will be observed. If it is indeed promoted by 
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transcription, a high correlation between the transcriptional activity and colocalized 

regions will be observed. 

As described above, cancer research can be approached in many aspects using 

bioinformatics methods. The results obtained from these studies are highly encouraging. 

Bioinformatics approach is not only effective, but now a necessary skill in studying diseases like 

cancer. 
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CHAPTER 2 

A COMPUTATIONAL METHOD FOR PREDICTION OF EXCRETORY PROTEINS AND APPLICATION TO 

IDENTIFICATION OF GASTRIC CANCER MARKERS IN URINE1 

 

 

 

                                                           
1
 Hong CS, Cui J, Ni Z, Su Y, Puett D, et al. (2011) PLoS One 6: e16875 

Reprinted here with permission of the publisher 



7 
 

Abstract 

A novel computational method for prediction of proteins excreted into urine is 

presented. The method is based on the identification of a list of distinguishing features between 

proteins found in the urine of healthy people and proteins deemed not to be urine excretory. 

These features are used to train a classifier to distinguish the two classes of proteins.  When 

used in conjunction with information of which proteins are differentially expressed in diseased 

tissues of a specific type versus control tissues, this method can be used to predict potential 

urine markers for the disease.  Here we report the detailed algorithm of this method and an 

application to identification of urine markers for gastric cancer. The performance of the trained 

classifier on 163 proteins was experimentally validated using antibody arrays, achieving > 80% 

true positive rate. By applying the classifier on differentially expressed genes in gastric cancer vs. 

normal gastric tissues, it was found that endothelial lipase (EL) was substantially suppressed in 

the urine samples of 21 gastric cancer patients versus 21 healthy individuals. Overall, we have 

demonstrated that our predictor for urine excretory proteins is highly effective and could 

potentially serve as a powerful tool in searches for disease biomarkers in urine in general. 

Introduction 

The rapid advancement of omic techniques in recent years has made it possible to 

search for biomarkers for specific human diseases in a systematic and comprehensive manner, 

which is substantially improving our ability to detect diseases at early stages. Most of the 

previous biomarker studies have been focused on serum markers [10], mainly because of the 

known richness of serum in containing signals for various physiological and pathophysiological 

conditions. 

Compared to serum markers, existing urinary markers are mostly related to urinary-

tract or closely associated diseases. Only within the last few years has improved proteomic 
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analyses of urine samples revealed that, like sera, urine is also a rich source of information for 

detecting human diseases  such as the graft-versus-host disease and coronary artery disease 

[11,12,13]. Note that urine is formed by filtration of blood through the kidneys; hence some 

proteins in blood may pass through the filters and be excreted into urine. As a result, the urinary 

proteins not only reflect the conditions of the kidney and the urogenital tract, but also those of 

other organs that may be distal from the kidney, as at least 30% of the urinary proteins are not 

originally from the urogenital tract [14,15].  The plethora of information in urine makes it an 

attractive source for biomarker screening since, compared to serum, the composition of urine is 

relatively simple, and urine collection is easier and noninvasive. 

Marker identification in urine could potentially be done through comparative proteomic 

analyses of urine samples of patients with a specific disease and control groups. The challenge in 

such searches for urinary markers in a blind fashion is twofold. (a) Urine could have a large 

number of proteins/peptides (in contrast to the previous understanding[16]) with relatively low 

abundance. (b) The dynamic range in the abundance of these proteins could span a few orders 

of magnitude, wider than the range typically covered by a mass spectrometer [17]. For these 

reasons, comparative analyses, particularly (semi)quantitative analyses, of proteomic data of 

urine samples can be very challenging. This might be a key reason that there are no reliable 

urine markers for cancer diagnosis. 

Our study focuses on development of a computational method for accurately predicting 

proteins that are urine excretory (see Figure 1 for the outline of the approach). These proteins 

must have specific properties that allow them to be secreted from cells first and then to be 

filtered out through the glomerulus membrane in kidneys. A recent proteomic study identified 

more than 1,500 proteins/peptides that are excreted into urine through healthy glomerular 

membranes [16]. Using this set of proteins and proteins deemed not to be urine excretory, we 
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have identified a list of distinguishing features between these two classes of proteins and 

trained a support vector machine (SVM) based classifier to predict if a given protein might be 

excreted into urine. The prediction method was experimentally validated using antibody arrays 

in conjunction with Western blots, and the results are highly encouraging. 

This classifier has been applied to predict proteins that might be excreted into urine 

based on the identified differentially expressed genes in gastric cancer versus reference gastric 

tissues; and a number of potential urine markers for gastric cancer have been identified. A key 

contribution made in this work is that it provides a new and effective way to guide proteomic 

studies of urine by suggesting candidate marker proteins, hence allowing targeted marker 

searches using antibody-mediated techniques like Western blots and Elisa, which are 

substantially more feasible than large-scale comparative proteomic analyses of urine samples 

without any targets with which to work. While this prediction program has been applied to 

gastric cancer data in this study, no gastric cancer-specific information was used in this program; 

hence, it can be used for urine marker searches for other diseases. 

Methods 

 This study consists of three main components: (i) construction of a classifier for predicting 

urine excretory proteins; (ii) evaluation of the performance of the classifier by applying it to a 

set of proteins for which the excretory status of the proteins is known; and (iii) application of 

the validated classifier to gene-expression data of gastric cancer to demonstrate its 

effectiveness in solving the urine marker identification problem. 

Ethics 

This research was approved by the Institutional Review Board at the University of 

Georgia, Athens, Georgia, USA (Office of the Vice President for Research DHHS Assurance ID NO. 

FWA00003901, Project Number 2009-10705-1)and by the Chinese Institutional Review Board 
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overseeing human subjects at Jilin University College of Medicine, Changchun, China. A consent 

form, approved by IRB at the University of Georgia and Chinese IRB, was collected from each 

subject. All subjects are aware that any data from research may be used for documents or 

publications as stated in the consent form. 

a. An algorithm for predicting excretory proteins into urine 

 The general understanding of protein excretion from tissues to urine is that some proteins 

are secreted or leaked from cells into blood circulation, and then a portion of these proteins, 

along with some native proteins in blood, may be excreted into urine. Our goals are first to 

identify distinguishing features for such urine excretory proteins and then to build a classifier 

based on these features to predict which proteins in cells can be excreted into urine. To the best 

of our knowledge, there has not been any published work aimed to solve this problem. The 

importance in having such a capability is that it provides an effective link in connecting omic 

analyses of tissues to marker search in urine by providing candidate markers in urine that can be 

studied using antibody-based approaches. 

The first step in developing such a predictive capability, i.e., a classifier, is to have a 

training dataset containing proteins that can and that cannot be excreted into urine, based on 

which a set of distinguishing features could possibly be identified. Fortunately, we have found 

one large proteomic dataset of urine samples from healthy people in a recently published 

study[16], which contains more than 1,500 unique proteins of which 1,313 have SwissProt 

accession IDs. We have used these 1,313 proteins as the positive training data for the to-be-

trained classifier. The following procedure was then used to generate a negative training set: 

arbitrarily select at least one protein from each Pfam family that does not contain any positive 

training data, and the number of selected proteins from each family is proportional to the size of 
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the family [18,19].  As a result, 2,627 proteins were selected and used as the negative training 

set. 

We examined 18 physiochemical features computed from protein sequences, which are 

potentially useful for the classification problem based on the general understanding of urinary 

excretion of proteins. The details of the 18 features and the computer programs used to 

calculate them are listed in Table S1. Some of these features are represented by multiple 

feature values, e.g., the amino acid composition in a protein sequence is represented by 20 

feature values; overall the 18 features are represented using 243 feature values. We then 

identified a subset of features values from the 243, which can distinguish between the positive 

and the negative training data using an SVM-based classifier. The RBF kernel was used in our 

SVM training, considering its capability to handle non-linear attributes [20,21]. 

To ascertain which of the initially considered features are actually useful, the feature 

selection2 tool provided in LIBSVM [20] was used to select the most discerning features among 

the 243. Codes used in this are publicly available from LIBSVM website 

(http://www.csie.ntu.edu.tw/~cjlin/libsvm/); we also have made the relevant program 

accessible at http://seulgi.myweb.uga.edu/files.  An F-score [20], defined as follows, is used to 

measure the discerning power of each feature value to our classification problem, 
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where  Xk refers to the training feature values (k=1,…, m); n+ and n-  are the number of proteins 

in the positive (+) and negative (-) training dataset, respectively; Xi, Xi
(+), Xi

(-) are the  averages of 

the ith feature value across the whole training dataset, the positive dataset and the negative 

                                                           
2
 Other feature selection tools could possibly be used but we have considerable experience in using this 

tool and found it to be adequate.  

http://www.csie.ntu.edu.tw/~cjlin/libsvm/
http://seulgi.myweb.uga.edu/files
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dataset, respectively;  and X
k,i

(+)

 and X
k,i

(-) 

are the ith feature of the kth protein in the positive and 

negative training data, respectively. Generally, the larger an F-score, the more discriminative the 

corresponding feature is. In our selection, all features with F-scores above a pre-selected 

threshold were retained and used in training the final classifier. To find an optimal F-score 

threshold, we considered a list of possible thresholds and then selected the best one based on 

the training results. 

The training of our SVM-based classifier is done using a standard procedure provided in 

LIBSVM [20] to find values of two parameters C and γ that give an optimal classification on the 

training data, where C controls the trade-off between training errors and classification margins, 

and γ determines the width of the kernel used [20].  Our training procedure is summarized as 

follows: 

a. Calculate the F-score for every feature value; 

b. For each of the pre-selected thresholds, do the following 

i. Remove the feature values with F-scores lower than the threshold; 

ii. Randomly split the training data into a sub-training and a sub-validation sets with 

equal size; 

iii. Train an SVM with an RBF kernel on the sub-training set to search for optimal 

values of C and γ, and then apply it to the sub-validation data and calculate the 

classification error; 

iv. Repeat steps (i) – (iii) five times and calculate the average validation error; 

c. Choose the threshold that gives the lowest average validation error, and keep the features 

with F-score above the selected threshold; and 

d. Retrain an SVM based on the selected features as the final classifier. 

b. Datasets used to evaluate the performance of the classifier 
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An independent dataset was used to assess the performance of the trained classifier for 

which the excretory status of each protein is known.  The positive subset of this dataset has 460 

human proteins found in the urine of healthy individuals by three urinary proteomics studies 

[22,23,24], and the negative subset contains 2,148 proteins selected using the same procedure 

described previously but does not overlap with the negative set used for training. 

The following measures were used to assess the classification accuracies: the sensitivity, 

the specificity, the accuracy, the Matthew's correlation coefficient, and the AUC [25].  Table 1 

summarizes the classification accuracies of the trained classifier on the both training and the 

test datasets [25]. From the classification accuracies on the two datasets, we believe that our 

trained classifier captured the key distinct features of the excretory proteins in urine. 

In addition, our classifier was tested on a separate dataset, a subset of the 274 proteins 

fixed on a pre-made protein antibody array (the RayBio Human G-series Array 4000 (RayBiotech, 

Inc., Norcross, GA)). Of the 274 proteins, 111 are known to be excretory and were included in 

our training or independent test dataset. We applied the classifier on the remaining 163 

proteins for which the excretory status was unknown (see Results and Table S2). This protein 

array provides the relative expression level for each protein on the array when tested on a 

(urine) sample, which is measured in terms of the signal intensity, quantified by the 

densitometry. The background of the array was used as the control to determine the actual 

presence of a protein in the (urine) sample. The signal intensity for a protein was considered as 

a true signal if it was at least 5-fold higher than that of the control, as suggested by the 

manufacturer’s recommendation.  We focused our experimental validation on confirming the 

positive predictions only since it is virtually impossible to prove a protein is not present in a 

urine sample due to limitations in detection sensitivity of the current technology when the 

protein is of very low concentration in the sample. 
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c. Urine sample collection/preparation 

Urine samples from gastric cancer patients and healthy controls were collected at the 

Medical School of Jilin University, Changchun, China. Gastric cancer patients, from who the 

samples were collected from, are all late stage patients (see Table S3 for patient information). 

These samples were immediately lyophilized and stored at -80°C until further use after their 

surgical removal from the patients. They were then reconstituted and centrifuged (3,000xg for 

25 min at 4°C) to remove cellular components. The supernatants were collected and dialyzed at 

40C against Millipore ultra-pure water (three buffer changes followed by an overnight dialysis) 

using Slide-A-Lyzer Dialysis Cassettes (Thermo Fisher Scientific, Rockford, IL). Protein 

concentrations were measured using the Bio-Rad Protein Assay (Bio-Rad, Hercules, CA) with 

bovine serum albumin as a standard. 

d. Identification of genes that are differentially expressed in gastric cancer and control tissues 

A total of 80 gastric cancer tissues and their adjacent noncancerous tissues from 80 

patients were collected at the Medical School of Jilin University. Microarray experiments were 

conducted on these tissues using the Affymetrix GeneChip Human Exon 1.0 ST Array, which 

covers 17,800 human genes. The PLIER algorithm [26] was used to summarize the probe signals 

to gene-level expressions. For each gene, we examined the distribution of the expression fold-

change between the paired cancer and control tissues across all 80 pairs of tissues. Let Kexp, be 

the number of pairs of tissues whose fold-change is at least 2. A gene is considered as 

differentially expressed if the p-value of the observed Kexp is less than 0.05. Using this criterion, a 

total of 715 genes were found to be differentially expressed in gastric cancer across all human 

genes, and the names of the 715 genes, along with the associated Kexp and p-values, are given in 

Table S4.  A detailed study of the microarray data has been reported elsewhere [27]. 

e. Function and pathway enrichment analyses 
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The DAVID Bioinformatics Resources and the KOBAS web server [28,29] were used to do 

functional and pathway enrichment analysis, respectively, for all the predicted urine-excretory 

proteins, using the whole set of human proteins as the background. We refer the readers to 

[28,29] for details on the methods for functional and pathway enrichment analyses. Using 

DAVID Bioinformatics Resources, the enrichment score for a specified group of proteins was 

determined by the EASE score [28,30] KOBAS is a complementary tool to DAVID as it expands 

the gene annotation using KEGG Orthology (KO) terms.  The KOBAS web server, along with the 

KO-based annotation system [29,31], was used to find statistically enriched and 

underrepresented pathways among the predicted urine-excreted proteins. KOBAS takes in a set 

of protein sequences and annotates them using the KO terms. The annotated KO terms were 

then compared against all human proteins as the background set for assessing if they are being 

enriched or underrepresented. 

f. Western blots 

Urinary proteins from each sample (total of 2 μg) were combined with 3x sample dye. 

Each tube was boiled for 5 min and loaded on SDS-PAGE gels, along with 10 µl standards and run 

for 1 h at 200 volts.  The membrane was activated with 100% methanol, following a transfer 

from the gel to the membrane (100 volts for 1 h). Once the transfer was complete, the 

membrane was allowed to dry, rewetted in 100% methanol and washed 2X for 5 min each with 

Tris-Buffered Saline (TBS). The membrane was then incubated in 3% milk blocking solution for 2 

h at room temperature.  Next the membrane was incubated in the first antibody solution (1:200 

dilution in 1.5% milk blocking) for 1 h at room temperature, and the unbound antibody was 

removed by washing the membrane 3X with TBS Tween-20 (TBST) solution for 10 min each.  

Then the membrane was incubated in a 1:10,000 dilution of the secondary antibody in 1.5% milk 

blocking solution for 1 h at room temperature.  The membrane was washed 3X with TBST and 2X 
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with TBS (10 min each).  Lastly, the membrane was covered completely with an equal amount of 

enhancer and peroxide solution from a Pierce Western Blotting kit for 5 min and exposed to the 

film. Each experiment was repeated multiple times to ensure reproducibility. The signal 

intensities were determined using the imageJ software [32].  For each membrane, the blank lane 

was used to normalize the signal intensities across the membranes. The performance was 

examined using ROC and whisker-box plot. 

Results and Discussion 

Signal peptide and secondary structures are key features of urine-excreted proteins 

The initial list of features was carefully selected to include what we believed to be 

protein characteristics relevant to urinary excretion based on literature search and our current 

understanding of urinary proteins. For example, the negatively charged glomerular wall in 

kidney will allow the filtration of only positively or neutrally charged proteins. Thus, charge of a 

protein is one of the features we selected. Taking the available information into consideration, 

the total number of feature values collected initially was 243, representing basic sequence 

properties, motifs, physicochemical properties, and structural properties (Table S1). In 

identifying features that are effective in discriminating urine excretory proteins from the non-

excretory ones, a simple and effective method to eliminate features that show little or no 

discerning power for our classification problem was employed; 74 feature values were selected 

using the procedure outlined in Section a of Methods (Table S5). These feature values were used 

to train the final classifier. 

Among the selected features, the most discriminatory one was the presence of signal 

peptides.  It is understood that proteins that are secreted through the ER have signal peptides 

and are trafficked to their destination according to the specific signal peptides; thus, not 

surprisingly, most excreted proteins have this feature. Another prominent feature was the 
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secondary structure type; specifically, the percentage of alpha helices in a protein sequence was 

ranked as the number 2 feature value among the selected 74 (Table S5).  As expected, the 

charge of a protein was among the top ranked features for excreted proteins. This is consistent 

with the general understanding that charge is a factor in determining which proteins can be 

filtered through the glomerular membrane [33] as proteins inside glomerular membranes and 

podocyte slits are negatively charged, and hence negatively charged proteins will have low 

chances to filter through the kidneys. Indeed, the feature values of positive amino acids and 

charge were among the top ranked feature values. 

Interestingly, however, molecular weight, which ranked at 232 out of 243, was not 

included in the final 74 feature values. This could be explained by the following. Proteins present 

in serum may have already undergone a cleavage or have been partially degraded, and thus may 

not be in their intact or complete form when they enter the kidney. It has, in fact, been 

established that the majority of proteins found in urine are extensively degraded [34]. While an 

intact protein may not be able to filter through the glomerulus due to its size or shape, a 

protein-derived peptide may easily pass through the podocyte slits. As a result, the molecular 

weight of the intact protein is a non-factor in predicting if the protein is urine excretory. 

It should be noted that urine excretory proteins and secreted proteins share some 

common characteristics as some of the features used to identify blood-secreted proteins in our 

previous study [18] were selected in the urinary protein prediction in this study. For example, 

features such as solvent accessibility, polarity and signal peptides were included in both 

classifiers.  However there is a clear difference between the features used in the two classifiers. 

While features such as beta-strand-content, features associated with beta-barrel 

transmembrane protein and protein ratio, TatP motif, transmembrane domain, protein size, and 

the longest disordered region were among the top features for prediction of blood-secretory 
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proteins [18], they were not included in the final features for the urinary protein prediction.  

Moreover, features related to positive charge, such as the composition of positively charged 

amino acids, were prominent in urinary protein prediction but not selected in the blood 

secretion prediction.  Similarly, the alpha-helix-content and the coil-content of proteins were 

among the top features for urinary protein prediction, but they were not selected for the blood-

secretory protein prediction.  It is interesting to note that in contrast to the finding that beta-

strands are a common secondary structure type among the blood secretory proteins, urinary 

proteins tend to have higher alpha-helix and coil content, which indicates that the urinary 

proteins possess properties not shared by blood secretory proteins in general. 

Performance of the classifier 

To determine the accuracy of the final classifier, we tested it on an independent test set, 

which consists of 460 experimentally validated urine excretory proteins and 2,148 non-urine 

excretory proteins. Our classifier has its prediction sensitivity and specificity on this independent 

test set at 0.78 and 0.92, respectively (Table 1). 

We then ran the classifier on the 163 out of the 274 proteins fixed on the pre-made 

antibody array (see Methods), for which the excretory status was unknown. Of the 163 proteins, 

112 proteins were predicted to be urine excretory by our classifier. To assess the performance 

of this prediction, antibody array-based experiments were conducted on 14 urine samples, 

seven from healthy individuals and seven from gastric cancer patients.  Of the 112 predicted 

urine-excretory proteins, 92 were found in at least one of the urine samples (Table S6), giving a 

positive prediction rate of 0.81, which is consistent with the performance level on the first test 

set. 

It should be noted that one limitation of this classifier is that some proteins might have 

been partially degraded before being excreted into urine or in urine, making it difficult for our 
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classifier to detect so formed peptides as it was trained on whole intact proteins. This issue will 

be addressed in the future through deriving feature values based on the actual 

proteins/peptides identified in previous urinary proteomic studies rather than their 

corresponding full-length proteins as done in this study.  While there is clearly room for further 

improvement, the prediction results of the current classifier are highly encouraging. 

Application of classifier to gastric cancer data 

Our previous study on 160 sets of microarray gene-expression data of gastric cancer has 

identified 715 differentially expressed genes with at least 2-fold changes in gastric cancer versus 

control tissue samples [27].  Our classifier was applied to these 715 proteins3, and it predicted 

that 201 of the 715 proteins are urine excretory. Table S7 provides the detailed information of 

the 201 proteins. Since it is unrealistic to check all the 201 proteins in this study to determine if 

they are urine excretory or not, we did analyses to narrow down this list. Specifically, we have 

carried out the following analyses: (i) functional and pathway enrichment analyses to gain a 

better understanding of the types of proteins present in urine, (ii) literature search on urinary 

proteins to compile information about published urinary marker proteins, (iii) examining the 

gene expression data to remove genes that are not substantially differentially expressed 

between cancer and control tissue samples;  and (iv) Western blots on proteins chosen from a 

narrowed down list of the 201 proteins. This procedure showed a high success rate and led to an 

interesting discovery of potential biomarker for gastric cancer. 

For (i), we have carried out functional and pathway enrichment analyses on all the 201 

proteins using the DAVID [28] and KOBAS [29] servers, respectively. We found that the enriched 

functional groups included the extracellular matrix (ECM), cell adhesion, and development, cell 

                                                           
3
 While it would be preferable to have proteomic data of the tissue samples, we have only gene-

expression data available in this study. Hence, gene expression data are being used as an approximation to 

the protein expression in this methodology-oriented study. 
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motility, defense response, angiogenesis, which are all known to be involved in the 

development of or in defense of cancer (Figure. S1A). The most enriched pathways were ECM-

receptor interaction and inorganic ion transport and metabolism pathways (Figure S1B). 

The following criterion was used to reduce the list of 201 proteins for steps (ii) - (iii): the 

proteins have not been reported to be related to any cancer based on our extensive literature 

search, which gives rise to 71 proteins.  The list was further reduced based on a pre-selected 

cutoff on differential expressions (> 2 fold difference) and functional annotations (potentially 

relevant to gastric cancer rather than immune responses). 

Endothelial lipase is substantially reduced in the urine samples of gastric cancer patients 

We chose six proteins (MUC13, COL10A1, AZGP1, LIPF, MMP3, and EL) for experimental 

validation from the above narrowed down list. To do this, we have collected urine samples of 21 

gastric cancer patients and 21 healthy individuals. Of the six selected proteins, five proteins, 

MUC13, COL10A1, LIPG, AZGP1, and EL were detected by Western blots in at least one urine 

sample. Out of the five, MUC13, COL10A1, and EL were detected even at a very low quantity of 

the total urinary proteins (1-2 µg). MMP3 was not found in the samples we tested, which may 

be due to the low concentration of MMP3 in urine or a false prediction by our classifier. 

It is particularly interesting to note that we were able to detect consistent differences in 

the EL abundance (encoded by LIPG) between the two sets of 21 urine samples.  The Western 

blots for EL showed a substantial reduction in its abundance in urine samples of the 21 gastric 

cancer patients compared to the control samples.  As shown in Figure. 2A, the majority of the 

control samples showed the presence of EL, whereas most of the gastric cancer samples had 

relatively low amounts of EL.  This pattern was observed repeatedly. 

The molecular weight of this protein has been determined to be 68 kDa [35];  thus, a 

homo-dimer is expected to be 134 kDa.  In the Western blots, however, bands were detected at 
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near 100 kDa.  This probably corresponds to a partially cleaved homo-dimer, an active form of 

which was confirmed by a previous study [36], although the possibility of a monomeric form of 

EL associated with another protein cannot be ruled out. The Western blots do provide semi-

quantitative information based on the signal intensities.  The ROC curve suggests that the EL 

concentration was discriminant in distinguishing the gastric cancer samples from the non-gastric 

cancer samples, yielding an AUC greater than 0.9 (Figure. 2B-C).  Using 5,000 as a signal intensity 

cutoff, true positive rate and false positive rate were 85% and 9.5%, respectively. 

A further study is required to assess EL as a gastric cancer biomarker. The limited sample 

size of 21 samples in each group is too small to accurately evaluate its potential for biomarker. 

Enrolling many more patients is needed to confirm the efficacy of EL as a potential biomarker 

for clinical purposes. Also, it would be interesting to test EL on the early stage of gastric cancer, 

as our samples were all from late stage gastric cancer patients. Nonetheless, our preliminary 

result shows highly encouraging results. 

Concluding remarks 

The available evidence indicates that many proteins are excreted into urine that may be 

good biomarker candidates for different diseases. The novel computational method developed 

and used herein for predicting excreted proteins may aid in identifying these and other 

biomarkers in urine. Our study has demonstrated that the integrated approach, coupling 

bioinformatics prediction with experimental validation, is an effective paradigm for 

identification and validation of potential urinary biomarkers.  We anticipate that this approach 

will provide a powerful tool in the future for urinary proteomics and biomarker studies in 

general. 

ACKNOWLEGEMENT: We thank Xizeng Mao (CSBL, UGA) for his assistance in pathway analysis. 
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Figures and Tables

 

Sets TP TN FP FN SEN SP ACC MCC AUC 

Train 972 2,493 134 341 0.74 0.95 0.88 0.52 0.94 

Independent 360 1,983 165 100 0.78 0.92 0.90 0.45 0.93 

TP=true positive; TN=true negative; FP=false positive; FN=false negative; N= total number of proteins in dataset; SEN 

= TP/(TP+FN); SP = TN/(TN+FP); ACC = (TP+TN)/N; MCC =(TPxTN-FPxFN)/√((TP+FN)(TP+FP)(TN+FP) (TN+FN)); AUC is 

described in (37). 

  

Table 1:  Classification performance by the trained classifier on the training and an independent test set  
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Validate targets experimentally  

Apply the classifier to 715 genes from 
gastric cancer data 

201 proteins predicted to be urine excretory 

• Select targets based on the differential expression, function, literature 
search 

Test the classifier 

 On an independent data set where 
excretory status is known 

• SEN: 0.78 

• SP: 0.92 

On 163 proteins with unknown 
status 

• 92/112 predicted validated 

• TP: 0.813 

Train the classifier 

SEN: 0.74 SP: 0.95 

Feature Selection 

74 Features Selected 

Feature Collection 

243 features collected 

Data Collection 

Training Set 

• 1313 positives 

• 2627 negatives 

Test Set 

• 460 positives 

• 2148 negatives 

Figure 1. The outline of the study 
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100 kD -> 

Fig. 2: A: Western blots for EL on control and gastric cancer samples.  Control samples 

(denoted by the red lines): Lanes 1-7, 11-17, 21-27.  Cancer samples:  Lanes 8-14, 18-

24, 28-34.  B: Corresponding whisker-box plot for the signal intensities. C. ROC curve of 

the EL Western blot.  Red line: no discrimination; blue line: ROC by EL.   

100 kD -> 

100 kD -> 

1     2     3       4      5      6      7      8      9     10    11    12    13    14 

11   12    13   14   15   16   17   18   19   20   21    22    23   24 

21   22    23    24    25   26    27     28   29   30   31    32    33   34 

A. 

B. 

C. 
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Table S1:  Summary of features used in the initial classification model 

Feature class Features (No. of 

feature values 

Program used to calculate the 

features 

Sequence features Sequence Length (1) 

AA composition (20) 

Fldbin [37], Profeat [38] 

Physicochemical 

properties 

Hydrophobicity (21), 

normalized Van der 

Waals volume (21), 

polarity (21), 

polarizability (21), 

charge (21), 

secondary structure 

(21), solvent 

accessibility (21), 

Pseudo-AA descriptor 

(50) 

Locally calculated, Profeat [38]: using 

three descriptors:  composition, 

transition, and distribution 

 

Unfoldability (1), 

charge (1), 

hydrophobicity (1), # 

Fldbin [37], Swiss-[39], locally 

calculated 
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of disordered regions 

(1), longest 

disordered regions 

(1), # of disordered 

residues (1), PI (1), 

MW (1), charge (2), 

percentage of 

disordered region (1) 

Motifs Transmembrane 

domain (1), Twin-

arginine signal 

peptide (1), 

transemembrane 

domains (alpha helix, 

or beta barrel) (2), 

Glycosylation number 

& presence (N&O 

linked) (4) 

TMB-Hunt [40,41], TatP [41], phobius 

[42], NetOgly [43], NetNGly [44] 

Structural properties 

 

Secondary structural 

content (4), Radius 

gyration (1), Radius 

(1), 

SSCP [45], Radius Gyration 

(http://www.scfbio-

iitd.res.in/software/proteomics/rg.jsp, 

locally calculated 
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Table S2: Uniprot IDs of 163 proteins used for classifier performance evaluation 

P03950 P13232 P09038 P10145 P22003 P01135 Q6EBC2 Q15389 P04271 

O43927 P13500 P01138 O14625 P18075 P61812 P01308 Q9BY76 Q15465 

P12644 P80075 P35070 P47992 Q9H2A7 P35590 Q9BQR3 Q15582 P01266 

P22004 P80098 Q9NRJ3 P10147 O75509 Q02763 Q29983 Q8WXI7  

P51671 Q99616 Q9Y4X3 P13236 P21860 Q99727 Q29980 Q16790  

O00175 O75078 Q06418 Q99731 P16581 P33151 P22894 P25774  

Q9Y258 Q07325 P42830 P34130 P48023 P35968 P09238 Q16627  

P10767 Q16663 P25445 O00300 Q14627 P35916 P05121 O00585  

P21781 P78556 P08620 Q61207 P31785 P28908 P02776 P13385  

P80162 P20783 P31371 P20333 Q9HBE5 P29965 Q15109 P41271  

P39905 P55774 P09919 P19438 Q01344 P31994 Q9Y6Q6 P07585  

Q76BR7 A2NWD3 Q9UNG2 O15444 P15248 Q8N4E7 P02735 O94907  

P08833 Q92583 Q9Y5U5 P01033 P02778 O95633 Q9Y336 Q9UBP4  

P22692 P01137 P09341 P40225 P48357 P19883 P78536 P27487  

P05019 P10600 O15467 O14798 P03956 P09958 Q96D42 Q92838  

P22301 P01375 P14210 Q9UBN6 P45452 P01241 O14763 P58294  

Q14005 P01374 P32942 P15692 P55773 Q13651 Q9NP99 P04626  

P01583 Q15848 P08069 O43915 P16234 Q9GZX6 Q969D9 P78552  

P60568 O15123 P29460 Q13740 P01236 Q8IZJ0 Q9HAV5 Q9P0M4  

P05112 P15514 Q16552 P33681 O15389 Q8IU54 P02771 Q96PD4  
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Table S3: Patient information for Western blot analyses 

Lanes Sample Gender Age Group 

1 N1 M 20-30 

2 N2 M 40-50 

3 N3 M 20-30 

4 N4 M 20-30 

5 N5 M 20-30 

6 N7 M 20-30 

7 N17 F 30-40 

8 C1 F 50-60 

9 C4 F 50-60 

10 C5 M 60-70 

11 C7 F 70-80 

12 C9 M 70-80 

13 C10 M 60-70 

14 C11 M 80-90 
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15 N11 F 40-50 

16 N15 F unknown 

17 N18 M unknown 

18 N34 M 40-50 

19 N19 M unknown 

20 N21 M 40-50 

21 N23 F 40-50 

22 C2 F 60-70 

23 C3 M 40-50 

24 C6 M 60-70 

25 C8 M unknown 

26 C10 M 50-60 

27 C11 M 60-70 

28 C12 F 50-60 

    

29 N26 M 40-50 

30 N28 M 50-60 
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31 N32 M 40-50 

32 N38 M 50-60 

33 N39 F 30-40 

34 N48 M 50-60 

35 N37 M 50-60 

36 C13 F 40-50 

37 C16 unknown unknown 

38 C18 M 60-70 

39 C20 M 30-40 

40 C22 M 70-80- 

41 C23 M unknown 

42 C30 F 40-50- 
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Table S4: Patient information for the gastric cancer tissues 

Patient No. Age Gender Stage 
1 41 F IV 
2 62 F III 
3 54 F III 
4 62 F IIIA 
5 63 M IIIB 
6 56 M IIIB 
7 71 M IIIB 
8 55 F IIIB 
9 53 M IIIB 
10 - M IV 
11 55 M IIIB 
12 51 M IIIB 
13 64 M IIIB 
14 53 F IIIB 
15 56 M IIIB 
16 54 M III 
17 53 M III 
18 71 M III 
19 57 M IIIA 
20 58 M III 
21 42 M IB 
22 73 M IB 
23 69 F III 
24 65 F IIIA 
25 50 M III 
26 47 M IB 
27 59 M III 
28 75 M III 
29 40 M III 
30 69 M III 
31 41 M II 
32 76 F II 
33 51 F III 
34 36 M IIIA 
35 67 F IV 
36 42 M III 
37 68 M III 
38 65 M III 
39 59 M III 
40 68 M IV 
41 74 M IB 
42 65 F IIIA 
43 50 M III 
44 49 M III 
45 58 M IV 
46 - F IV 
47 53 F IIIA 
48 84 M IV 
49 60 F IIIB 
50 55 M III 
51 70 M II 
52 56 F III 
53 43 F III 
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54 71 F III 
55 56 F IV 
56 81 M III 
57 65 M III 
58 55 M III 
59 56 F II 
60 76 M II 
61 78 F III 
62 55 M III 
63 65 M III 
64 68 M III 
65 63 M IV 
66 - M IV 
67 57 F III 
68 68 F III 
69 54 M III 
70 51 M II 
71 34 M III 
72 75 F IV 
73 61 M III 
74 54 M IV 
75 55 M III 
76 67 F II 
77 62 F IV 
78 50 F III 
79 71 M IV 
80 58 M IV 
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Table S6: List of 74 Features according to the rank 

Rank Description 

1 presence of SP 

2 Composition Secondary Structure: Helix (EALMQKRH) 

3 Composition Normalized van der Waals vol. (range 0-2.78) 

4 % of alpha-content 

5 Transition Normalized van der Waals vol. (range 4.03-8.08) 

6 Transition Secondary Structure: Coil (GNPSD) 

7 Transition Polarizability value (.219-.409) KMHFRYW 

8 Composition Charge. Positive (KR) 

9 Composition Polarizability value (0-1.08) GASDT 

10 Transition Polarizability value (0-1.08) GASDT 

11 Composition Normalized van der Waals vol. (range 4.03-8.08) 

12 Composition Polarizability value (.219-.409) KMHFRYW 

13 % of coil-content 

14 Amino acid composition G 

15 Pseudo-AA descriptors 

16 Amino acid composition T 

17 Composition Secondary Structure: Coil (GNPSD) 

18 Isoelectric point 

19 Composition Charge. Neutral (ANCQGHILMFPSTWYV) 

20 Transition Charge. Positive (KR) 

21 Composition Hydrophobicity-neutral (GASTPHY) 

22 Transition Normalized van der Waals vol. (range 0-2.78) 

23 Transition Solvent Accessibility: Exposed(RKQEND) 

24 Composition Polarity. Polarity Value(8.0-9.2) PATGS 

25 Composition Polarity. Polarity Value(10.4-13.0) HQRKNED 

26 Distribution 

27 Pseudo-AA descriptors 

28 Pseudo-AA descriptors 

29 Distribution 

30 Amino acid composition R 

31 Composition secondary Structure: Strand (VIYCWFT) 

32 Number of N-glyc site 

33 Composition Hydrophobicity-polar (RKEDQN) 

34 Composition Solvent Accessibility: Exposed(RKQEND) 

35 Transition Polarity. Polarity Value(4.9-6.2) LIFWCMVY 

36 Pseudo-AA descriptors 

37 % of disordered region 

38 Amino acid composition K 

39 Amino acid composition C 
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40 Charge calculated 

41 Distribution 

42 Pseudo-AA descriptors 

43 Pseudo-AA descriptors 

44 Distribution 

45 Amino acid composition M 

46 Amino acid composition E 

47 Pseudo-AA descriptors 

48 Transition Charge. Neutral (ANCQGHILMFPSTWYV) 

49 Distribution 

50 Distribution 

51 Transition Hydrophobicity-neutral (GASTPHY) 

52 Transition Polarity. Polarity Value(8.0-9.2) PATGS 

53 Composition Solvent Accessibility: Buried (ALFCGIVW) 

54 Distribution 

55 Pseudo-AA descriptors 

56 Distribution 

57 Composition Normalized van der Waals vol. (range 2.95-4.0) 

58 Distribution 

59 Transition Hydrophobicity-hydrophobic (CLVIMFW) 

60 Charge 

61 Pseudo-AA descriptors 

62 Amino acid composition H 

63 Unfoldability 

64 Amino acid composition L 

65 Distribution 

66 Distribution 

67 presence O-glyc site 

68 Amino acid composition N 

69 Distribution 

70 Amino acid composition Y 

71 Amino acid composition W 

72 Pseudo-AA descriptors 

73 Amino acid composition V 

74 Pseudo-AA descriptors 
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Table S7: Experimental confirmation results of predicted urine excretory proteins (TP: true 

positive, FP: false positive) 

Protein ID Experiment Result 

P03950 TP 

P22004 TP 

P21781 TP 

P08833 TP 

P05019 TP 

P13500 TP 

O75078 TP 

P78556 TP 

P55774 TP 

P01137 TP 

P10600 TP 

Q15848 TP 

O15123 TP 

P15514 TP 

P01138 TP 

P35070 TP 

Q9NRJ3 TP 

Q06418 TP 

P42830 TP 

Q9UNG2 TP 

Q9Y5U5 TP 

P09341 TP 

O15467 TP 

P14210 TP 

P08069 TP 

P29460 TP 

Q16552 TP 

O14625 TP 

P47992 TP 

P10147 TP 

P13236 TP 

Q99731 TP 

P34130 TP 

P01033 TP 

P40225 TP 

O14798 TP 
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O43915 TP 

Q13740 TP 

P22003 TP 

P18075 TP 

Q9H2A7 TP 

O75509 TP 

P21860 TP 

P16581 TP 

Q14627 TP 

P31785 TP 

Q01344 TP 

P15248 TP 

P02778 TP 

P48357 TP 

P45452 TP 

P55773 TP 

P16234 TP 

P01236 TP 

O15389 TP 

P01135 TP 

P61812 TP 

P35590 TP 

Q02763 TP 

P33151 TP 

P35968 TP 

P35916 TP 

P28908 TP 

Q8N4E7 TP 

O95633 TP 

P09958 TP 

P01241 TP 

Q8IZJ0 TP 

Q6EBC2 TP 

Q29983 TP 

Q29980 TP 

P22894 TP 

P05121 TP 

Q15109 TP 

Q9Y6Q6 TP 

Q9Y336 TP 

Q9NP99 TP 
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P02771 TP 

Q15389 TP 

Q15582 TP 

Q16627 TP 

O00585 TP 

P07585 TP 

Q9UBP4 TP 

P27487 TP 

P04626 TP 

P78552 TP 

Q9P0M4 TP 

Q96PD4 TP 

Q15465 TP 

P01266 TP 

P12644 FP 

P80162 FP 

Q16663 FP 

P25445 FP 

P32942 FP 

O00300 FP 

Q61207 FP 

P20333 FP 

P19438 FP 

Q9HBE5 FP 

P03956 FP 

P19883 FP 

Q13651 FP 

P01308 FP 

Q9BQR3 FP 

P09238 FP 

P78536 FP 

O14763 FP 

Q16790 FP 

P25774 FP 

P41271 FP 
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Table S8: The list of 201 genes predicted to be excretory from differentially expressed genes of 

gastric cancer 

http://csbl.bmb.uga.edu/~xyn/Table_S6.pdf 

Figure S1: A. Enriched functional groups as identified by DAVID.  The x-axis represents the 

functional groups, and the y-axis represents the enrichment score. B. Enriched pathways for 201 

predicted urine proteins using the KOBAS web server.  Each blue bar represents the percentage 

of the 201 proteins; each red bar indicates all human proteins; the x-axis indicates the pathway 

names; and the y-axis indicates the percentage.  (Red bar indicates all human proteins; the x-

axis indicates the pathway names; and the y-axis indicates the percentage). 

A.  

http://csbl.bmb.uga.edu/~xyn/Table_S6.pdf
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B.  
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CHAPTER 3 

CHARACTERIZATION OF URINE-EXCRETORY MIRNAS AND DEMONSTRATION OF THEIR 

FEASIBILITY AS DISEASE MARKERS4 

  

                                                           
4
 Hong CS, Cui J, Xu Y Submitted to PLoS ONE (May, 2012) 
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Abstract 

Urinary microRNAs (miRNAs) have recently been attracting increasing attention as 

biomarkers for human diseases. This is mainly because, like proteins, aberrant expressions of 

miRNAs can provide information about diseases of organs distant from kidney, but unlike 

proteins, miRNAs tend not to be processed by liver so they remain intact substantially longer 

than proteins. In this study, the feasibility of urinary miRNAs as potential biomarkers is 

demonstrated using a computational approach. Based on a selected set of features of miRNAs 

previously found in urine, a Support Vector Machine-based classifier to distinguish excretory 

miRNAs from non-excretory miRNAs was constructed. On our training and testing sets, the 

classifier was able to positively identify excretory miRNA at 0.9 sensitivity rate. This classifier 

was applied to a set of 325 miRNAs with their excretory status unknown, which predicted 138 to 

be urine excretory. This finding suggests that there are many more urinary miRNAs than what 

the previous studies have suggested. When used in conjunction with differential expression 

analyses of miRNAs in diseased tissues, this capability provides a powerful tool in searching for 

disease diagnostic markers in urine. 

Introduction 

MicroRNAs (miRNAs) are small, single-stranded endogenous non-coding RNAs (18-22 nt) 

that comprise 1-3% of the human genome [46]. These small miRNAs have been found to play a 

crucial role in maintaining the normal levels of mRNAs. One of the well-known functions of 

miRNA is post-transcriptional regulation of gene expression. They regulate gene expression by 

binding to the complement mRNA strand and cleaving the transcript products, thereby 

preventing them from being translated into proteins [47,48].  Naturally, abnormal abundances 

of miRNAs can cause the overexpression or repression of a gene. Due to this nature of miRNAs, 

their deregulated expressions can have detrimental effects on cells. As a result, miRNAs have 
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been implicated in various diseases. Studies have indicated that the level of miRNAs found in 

body fluids may reflect various pathological conditions and diseases, such as cancer 

[49,50,51,52,53,54]. For example, miRNAs may target a tumor repressor gene or an oncogene; 

aberrant expression of such miRNAs may be associated with the development of cancer. 

Therefore, the interest in searching for miRNAs and using them as potential biomarkers for 

various diseases, especially cancer, continues to grow [55,56,57]. 

MiRNAs have been widely studied as disease markers in body fluids. Unlike proteins or 

mRNAs, which are degraded relatively easily, miRNAs are stable in body fluids, including blood 

and urine, and are protected from RNAse degradation [58], hence making them more ideal 

candidates as disease biomarkers. 

To facilitate effective searches for miRNA biomarker in body fluids, we have developed a 

computational method to predict cellular miRNAs that can be excretory to urine using a similar 

approach to our previous work on protein biomarkers [59,60]. While the challenge is presented 

with urine as its concentration of  biomolecules is much more diluted compared to that of 

serum, nevertheless, urine has been suggested as a good source of miRNAs as potential disease 

markers by a number of studies [48,61,62]. The basic idea of the study can be explained as 

follows. 

We utilized a machine learning methodology to discover features of miRNAs that have 

been identified in urine, which are distinct from those of the miRNAs that have not been found 

in urine. We then  trained a Support-Vector-Machine (SVM) classifier based on the identified 

features, which can best distinguish between the urine excretory miRNAs from the non-

excretory miRNAs [63]. The design of the study is outlined in Figure 1. We have previously 

showed this protocol is highly effective in suggesting reliable biomarker candidates for 

experimental validation when used in conjunction with differential expression data of 
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genes/proteins in cancer versus control tissues [59]. Using this classifier, we predicted a list of 

miRNAs that can possibly get excreted into urine. 

Results 

Overall 10 features (Table S1) of miRNAs were examined with the aim of identifying 

features, each of which shows differential distributions between miRNAs that have been found 

in urine and those that have not been found in urine. These 10 features are represented as 158 

feature values. This analysis of differential distributions is done on all the 237 urine excretory 

miRNAs and the remaining miRNAs among all the 718 human miRNAs identified at the time of 

data collection (see Materials and Methods).  At the end of such feature selection and 

elimination, 10 feature values from 5 features were found to show differential distributions 

between the excretory and non-excretory miRNAs (Table S2).  Table 1 lists these feature values. 

The top ranking feature was the composition of guanine nucleotide at the 5’ end of miRNAs. 

Many of the most discriminant features are in the category of the nucleotide composition, 

suggesting the nucleotide composition as an important feature in determining the excretory 

traits of miRNAs. 

Using these 10 features, a classifier was trained to discriminate the excretory from non-

excretory miRNAs using an SVM learning method (see Materials and Methods).  The 

performance of the classifier was analyzed on the training and the testing set by using the 

following measures: TP=True Positive; TN=True Negative; FP= False Positive; FN=False Negative; 

sensitivity; specificity; ACC=accuracy; MCC=Matthew’s Correlation Coefficient (see Materials and 

Methods). The performance of the trained classifier is summarized in Table 2. The classifier was 

able to accurately identify excretory miRNAs with sensitivity over 0.90 on the training set. When 

applied to an independent testing set, the classifier achieved a similar result, able to identify 

excretory miRNAs at a sensitivity level at 0.88. As the purpose of the classifier is to assist in 
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discovering excretory miRNAs for biomarker purposes, the high sensitivity is crucial (versus the 

specificity level). 

The specificity of the trained classifier was relatively low compared to the high 

sensitivity. We believe that a key reason could be that some miRNAs in the negative (non-

excretory set) dataset may be urine excretory but have not been detected yet experimentally 

due to the limited efforts in searching for such miRNAs. We fully anticipate that the trained 

classifier actually does better than its identification specificity suggests. The relatively MCC 

numbers of the trained classifier are related to the low specificity. 

This classifier was applied to an independent set of miRNAs. This set contains 325 

miRNAs that were found in serum but not in urine at the time of data collection, with their 

excretion status being unknown. Among the 325 miRNAs, 82 were differentially expressed in 

various cancer tissues (Table S3). Our trained classifier predicts that 138 of the 325 miRNAs were 

urine excretory, of which 11 were repeatedly implicated in cancer (Table S4). 

To assess the performance of our classifier, we checked the predicted miRNAs against 

the published literature. Even with very limited data available about miRNAs in urine, we were 

able to validate a few predicted excretory miRNAs against the literature published since the 

time of our initial data collection. For example, has-let-7b, has-miR-1270, has-miR-1275, and 

has-miR548j were predicted to be excreted by our classifier. These miRNAs were experimentally 

detected in urine since we collected our training datasets, hence determined to be potential 

biomarkers. Deregulated expressions of hsa-let-7b, has-miR-1270 and has-miR-1275 have been 

associated with cancer and/or its progression [64,65,66,67]. Our classifier has successfully 

identified these miRNAs, which can hence be used as potential biomarker miRNAs in urine. The 

advantage in having a prediction capability like ours is that we can use antibody-based method 
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to fish out candidate miRNA biomarkers rather than blindly search for urinary miRNAs with 

differential abundances in cancer patients versus healthy people’s urine. 

An enrichment analysis of pathways targeted by the 138 miRNAs was performed to 

determine whether some pathways may be significantly affected by these 138 predicted 

excretory miRNAs. The analysis was carried out by using mirPath [ref??] to determine the 

enriched pathways that are annotated in KEGG [68]. Interestingly, the analysis reveals that the 

excretory miRNAs enrich a number of cancer-related pathways (Figure. 2). MAPK signaling was 

one of the most enriched pathways, as well as the p53 signaling and focal adhesion. These 

pathways are major contributors to the cellular changes accompanying the transformation of 

cells from their normal state to a cancerous state. 

Discussion 

Distinguishing features of urine excretory miRNAs 

At the time of feature collection, we collected the features that were thought to be 

pertinent to the problem based on the known characteristics of miRNAs. For example, 

extracellular miRNAs are found in circulation in two different ways. MiRNAs can either be 

transported by larger biomolecular complexes such as microvesicles or exosomes, or by 

association with Ago proteins. A recent study showed that strand bias selection exists for 

miRNAs in incorporation into the RISC complex, and highly expressed strands tend to have 

nucleotide G-bias and U-bias at the 5’ end [69].  This observation suggests that miRNAs enriched 

with G and U nucleotides at the 5’ end are more likely to bind to the Ago2 protein, forming a 

RISC complex.  Thus, we included the nucleotide composition for the 3’ end and 5’ end of the 

miRNAs. For the same reason, we have also considered dinucleotide compositions. 

The mechanism of how miRNAs are selected for exosome loading remains to be 

understood [70,71].  It is clear that miRNA loading in microvesicles, however, is non-random. A 
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recent study showed that microparticles exhibit highly distinct binding patterns with miRNAs, 

suggesting the existence of a sophisticated mechanism for miRNA selection to transport certain 

miRNAs out of cells [72]. Hence the binding and transport mechanisms may play a pivotal role in 

determining whether a miRNA is deemed to be excretory or not. While the mechanism is not 

understood, it is possible that the binding or recognition signal could be structure-based or 

motif-based. Thus sequence-based features such as palindromic sequences and structure-based 

features such as secondary structure content were included in our feature collection. 

Among the features we have examined, the most discriminating feature was the 

nucleotide G frequency in the first segment of miRNAs, i.e., the 6-7 nucleotides of the 5’ end of 

miRNAs. This suggests that the Ago-binding of miRNAs could be an important factor in 

determining if a miRNAs is excretory traits or not. MiRNAs can be bound to Ago proteins, such as 

Ago2, Ago1, Ago3 and Ago4, as part of the RNAi silencing complex. Evidence suggests that the 

miRNA binding with the Ago complex protects miRNAs from RNAse degradation, thus providing 

its stability in biofluids [58,73]. It could be due to this property that the bias at the 5’ end is one 

of the discriminant features in identifying excretory miRNAs.   Other highly ranked features 

include palindromic patterns and structure-based features (Table 1). While it is unclear the 

precise mechanism how these features influence if a miRNA is excretory or not, these features 

may contribute to the recognition and loading unto exosomes. 

Urine contains more miRNAs than expected 

Our classifier predicted 138 out of the 325 miRNAs to be excretory. The overall result is 

encouraging for two reasons: (a) it suggests that urine contains more miRNAs than suggested by 

the published literature. With an ever growing number of human miRNAs in miRBase, we expect 

that the number of miRNAs identified in urine will continue to increase; and (b) the enriched 
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pathways by the targets of excretory miRNAs being highly cancer-related suggest that urine is a 

rich source of miRNA biomarkers for cancer. 

Materials and Methods 

a. Collection of datasets 

The sequences of all mature miRNAs were collected from mirBase [74,75,76,77]. All 

miRNAs that were found in blood circulation and in urine were collected through an 

exhaustive literature search [48,78,79,80,81]. The positively excreted dataset is defined 

as the ones that are found in urine by experimental studies; the unknown dataset is 

defined as the ones that were found in blood circulation but not in urine; the negative 

dataset is defined by the ones that were neither found in blood nor in urine.  The 

positive and negative miRNAs sets were randomly divided into the training and testing 

set with the ratio of 4:1 to ensure the coverage of as many miRNA types as possible in 

the training set.  The total number of miRNAs used in the training set is 192 positives 

and 128 negatives, in the testing set 42 positives and 28 negatives, and unknown results 

in 328 miRNAs in total. 

b. Feature collection & feature selection 

Features based on the mature miRNA sequences were collected, and a total of 10 were 

collected [82,83,84,85,86,87]; the feature details are given in Table S1. The features 

were filtered to include relevant details and to remove redundancy. A Pearson’s 

Correlation Coefficient was used to determine the relevance of each feature to the 

excretory/non-excretory classification problem.  A correlation measure was calculated 

between features to determine the redundancy; two features with a correlation 

coefficient greater than 0.95 will have one removed. 
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Pearson’s linear correlation coefficient, defined in (Equation 1), was calculated for each 

value and sorted in descending order. Correlation coefficient was also calculated for 

each feature against all other features, and the less relevant feature was removed if the 

correlation coefficient was > 0.95. The final list of features was selected based on a 5-

fold cross validation SVM by adding one feature at a time until the average accuracy no 

longer improved. 
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c. Predicting excretory miRNAs 

An SVM-based classifier was used to classify the excretory miRNAs from non-excretory 

miRNAs. The selected features were used to train a classifier using the RBF-kernel [63]. 

The RBF was used for its ability to classify using non-linear classification as well as its 

simplicity due to a relatively small number of parameters. The optimal parameter set, 

defined by the highest agreement between the desired values and the trained output 

values, was selected by screening all possible sets of parameters.  Using the optimal 

feature list and the parameter set, a RBF-SVM classifier was trained. The performance 

was measured using the following values: TP=True Positive, TN=True Negative, FP= False 

Positive, FN=False Negative, sensitivity = TP/(FP+FN), specificity = TN/(TN+FP), Accuracy 

(ACC)= (TP+TN)/N, and Matthew’s correlation coefficient (MCC) =  (TPxTN-

FPxFN)/√((TP+FN)(TP+FP)(TN+FP) (TN+FN)). 

The performance of the classifier was calculated on the training set and on an 

independent testing test. 
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Concluding Remarks 

We demonstrated that excretory miRNAs could be accurately predicted by a SVM-based 

classifier. This classifier can be used to aid in biomarker search in urine by providing a targeted 

search (versus blind search). Rather than using a comprehensive miRNA profiling approach, this 

classifier can be used to facilitate targeted searches from a list of miRNAs of interest. In doing so, 

a sensitive method, such as RT-PCR, could be used to detect miRNAs that may otherwise be 

missed by the whole-genome profiling method. It is clear from this study that a nucleotide 

composition, especially G and U, and palindromic sequences are important determinants in 

aiding in excretion. Based on our finding, we conclude that the 5’ end bias existing in strand 

selection for RISC complex is one of the major contributors for miRNA excretion. Palindrome 

sequences may also be involved in exosome/microvesicle recognition and loading. Moreover, 

our prediction on an unknown set of miRNAs reveals that there is most likely a higher number of 

miRNAs in urine than the current literature suggests and that many of these miRNAs targets are 

enriched in disease-implicated pathways. Our study further corroborates that urine is an 

enriched source of miRNAs and an ideal source of biofluid for miRNA biomarker search. 
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Figures and Tables 
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Figure  1:  A schematic of our implemented study  

Application to unknown set of miRNAs 
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Figure 2: The miRNA target pathway enrichment analysis. The KEGG pathway enrichment 

analysis of the positively predicted set of miRNAs using DIANA-mirPath. X-axis indicates the 

pathways modulated by miRNAs; Y-axis indicates the enrichment value in each KEGG pathway, 

which is represented by the negative natural logarithm of the p-value. 

 
Table 1: The list of features used in training the classifier. 

Rank Feature Description 

1 Window 1 compG G composition in 5’ end 

2 Branches Secondary structure 

3 Palindrome  >3 nc No. of palindromes 

4 Di-nucleotide composition GU 

5 Mature miRNA composition Composition of C 

6 Di-nucleotide composition CU 

7 Length Length of sequence 

8 Maxhelix Secondary structure 
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9 Di-nucleotide composition CC 

10 Di-nucleotide composition GG 

 

The first column indicates the rank in order of features; the second and the third columns 

represent the feature and its description 

 

Table 2: Performance of the trained classifier. 

ID TP TN FP FN SEN SP ACC MCC 

TRAIN 

SET 

180 65 63 12 0.937 0.5078 0.76 0.26 

TEST SET 37 15 13 5 0.88 0.53 0.74 0.2 

 

TP: true positive; TN: true negative; FP: false positive; FN: false negative; SEN: sensitivity; SP: 

specificity; ACC: accuracy; MCC: Matthew’s correlation coefficient. 

Table S1. Features Collected. 

Feature Number Description Information 

1 Nucleotide Composition (1) Locally Calculated 

2 Length(1) Locally Calculated 

 Dinucleotide Composition(16)  

3 Restriction Site (1) EMBOSS 6.3.1:restrict[88] 

4 Heat Energy Required for 
Denature (101) 

ViennaRNA 1.8.4[85] 

5 Palindrome (1) EMBOSS 6.3.1:palindrome[88] 

6 Composition of nucleotide at 
5’, mid, 3’ ends (12) 

Locally Calculated 

7 Melting Profiles (4) DINAMELT[87] 

8 Pairing Bases (2) RNAFOLD[89] 

9 Free Energy of Structure (1) RNAFOLD[89] 

10 Secondary Structure (14) MCFOLD[86] 

Table S2. The Performance of Classifiers in Feature Selection. 
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Performance of models based on selected features with optimal set of parameters.  (C: cost 

parameter; G: gamma parameter in kernel  function) 

Table S3. Differentially Expressed miRNAs in Cancer. 

let-7 hsa-miR-198 hsa-miR-9 

hsa-miR-101-1 hsa-miR-199a hsa-miR-92 

hsa-miR-106a hsa-miR-19a hsa-miR-95 

hsa-miR-106b hsa-miR-19b hsa-miR-96 

hsa-miR-10b hsa-miR-200a  

hsa-miR-124a-1 hsa-miR-200b  

hsa-miR-124a-3 hsa-miR-200c  

hsa-miR-125a hsa-miR-203  

hsa-miR-125b hsa-miR-205  

hsa-miR-125b1 hsa-miR-20a  

hsa-miR-126 hsa-miR-20b  

hsa-miR-133b hsa-miR-21  

hsa-miR-135b hsa-miR-210  

hsa-miR-139-5p hsa-miR-212  

hsa-miR-140 hsa-miR-214  

hsa-miR-141 hsa-miR-219-1  

hsa-miR-143 hsa-miR-220  

hsa-miR-145 hsa-miR-221  

hsa-miR-145b hsa-miR-222  

hsa-miR-146 hsa-miR-224  

Number of  
Features Used in 
Cross Validation 

Average Accuracy C G 

5 72.2772 512 0.078125 

9 72.2772 8 0.03125 

10 75.7426 32 0.03125 

11 75.2475 32 0.03125 

12 75.2475 8 0.3125 

14 74.7525 32768 0.00048 

15 74.25 32768 0.00048 

20 73.76 8 0.03125 

25 72.77 8 0.03125 
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hsa-miR-15 hsa-miR-24-2  

hsa-miR-150 hsa-miR-27b  

hsa-miR-155 hsa-miR-28  

hsa-miR-15a hsa-miR-299-5p  

hsa-miR-15b hsa-miR-29b-2  

hsa-miR-16 hsa-miR-30a-5p  

hsa-miR-17 hsa-miR-31  

hsa-miR-17-3p hsa-miR-32  

hsa-miR-17-5p hsa-miR-33  

hsa-miR-17-92 hsa-miR-340  

hsa-miR-18 hsa-miR-342  

hsa-miR-182 hsa-miR-368  

hsa-miR-183 hsa-miR-372  

hsa-miR-18a hsa-miR-373  

hsa-miR-18b hsa-miR-378  

hsa-miR-191 hsa-miR-421  

hsa-miR-192 hsa-miR-497  

hsa-miR-195 hsa-miR-658  

hsa-miR-197 hsa-miR-763-3p  

 

Table S4. MiRNAs Predicted to be Excreted by the Classifier. 

hsa-let-7b hsa-miR-330-3p hsa-miR-586 hsa-miR-548k 

hsa-let-7c hsa-miR-338-3p hsa-miR-587 hsa-miR-1294 

hsa-let-7f hsa-miR-339-3p hsa-miR-548b-5p hsa-miR-1303 

hsa-miR-17 hsa-miR-346 hsa-miR-588 hsa-miR-1304 

hsa-miR-19b hsa-miR-196b hsa-miR-550 hsa-miR-1244 

hsa-miR-20a hsa-miR-422-5p hsa-miR-592 hsa-miR-1250 

hsa-miR-32 hsa-miR-424 hsa-miR-595 hsa-miR-1254 

hsa-miR-33a hsa-miR-449a hsa-miR-602 hsa-miR-1255a 

hsa-miR-92a hsa-miR-450a hsa-miR-605 hsa-miR-1262 

hsa-miR-196a hsa-miR-433 hsa-miR-608 hsa-miR-1266 

hsa-miR-199a-3p hsa-miR-453 hsa-miR-612 hsa-miR-1270 

hsa-miR-208a hsa-miR-409-5p hsa-miR-614 hsa-miR-1275 

hsa-miR-139-3p hsa-miR-489 hsa-miR-616 hsa-miR-1276 

hsa-miR-10b hsa-miR-202 hsa-miR-621 hsa-miR-1278 

hsa-miR-182 hsa-miR-493 hsa-miR-630 hsa-miR-1255b 

hsa-miR-199b-3p hsa-miR-432 hsa-miR-650 hsa-miR-1308 

hsa-miR-219-5p hsa-miR-193b hsa-miR-661 hsa-miR-664 
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hsa-miR-219-1-3p hsa-miR-512-3p hsa-miR-662 hsa-miR-1306 

hsa-miR-140-5p hsa-miR-519e hsa-miR-411 hsa-miR-1307 

hsa-miR-140-3p hsa-miR-519d hsa-miR-654-5p hsa-miR-1538 

hsa-miR-153 hsa-miR-517b hsa-miR-658 hsa-miR-1908 

hsa-miR-125a-3p hsa-miR-517c hsa-miR-320b  

hsa-miR-129-3p hsa-miR-522 hsa-miR-1468  

hsa-miR-154 hsa-miR-501-3p hsa-miR-1301  

hsa-miR-190 hsa-miR-503 hsa-miR-1185  

hsa-miR-193a-3p hsa-miR-508-3p hsa-miR-886-5p  

hsa-miR-206 hsa-miR-509-3p hsa-miR-450b-5p  

hsa-miR-320a hsa-miR-532-3p hsa-miR-874  

hsa-miR-106b hsa-miR-559 hsa-miR-190b  

hsa-miR-219-2-3p hsa-miR-563 hsa-miR-885-3p  

hsa-miR-299-5p hsa-miR-567 hsa-miR-760  

hsa-miR-301a hsa-miR-569 hsa-miR-939  

hsa-miR-99b hsa-miR-574-5p hsa-miR-942  

hsa-miR-363 hsa-miR-574-3p hsa-miR-1179  

hsa-miR-302b hsa-miR-576-3p hsa-miR-1180  

hsa-miR-369-5p hsa-miR-577 hsa-miR-548j  

hsa-miR-372 hsa-miR-579 hsa-miR-1285  

hsa-miR-373 hsa-miR-583 hsa-miR-1287  

hsa-miR-375 hsa-miR-584 hsa-miR-1291  
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CHAPTER 4 

GENOME-WIDE TRANSCRIPTION DATA ANALYSIS IN CO-LOCALIZED REGIONS OF BREAST CANCER 

BACKGROUND 

Recent development in sequencing technologies lead to another field denoted as 

transcriptomics [5]. The idea is to sequence the whole RNAs extracted from a cell of interest. 

There are many sequencing approaches to obtain transcriptomics. The first and perhaps the 

most commonly used technique is called the RNA-seq [90]. Instead of sequencing the DNA of a 

genome, the high-throughput sequencing technology was used to sequence the cDNA to obtain 

a comprehensive profiling of transcriptional activity [90]. By sequencing the whole transcripts, 

the RNA-seq allowed the researchers to identify the activity of gene expression. 

In past few years, a new development in transcriptomics emerged. The Global Run-On 

Sequencing (GRO-seq) was developed to sequence the nascent RNAs that are transcriptionally 

engaged with RNA polymerase[91]. Since its introduction, this methodology has been widely 

used in transcriptome studies [92,93,94,95]. Unlike the traditional –seq methods, GRO-seq 

provides an insights to the actively transcribing DNA regions, thus it is tremendously useful in 

observing the changes of transcriptional activity after an inducement. 

Using GRO-seq technique, the transcriptomics was published that compared the 

different time points of transcriptional activity after estrogen (E2) inducement in breast cancer 

cell line, MCF-7[95]. A lifetime exposure to estrogen is speculated to be risk factor in breast 

cancer development, and once breast cancer is established, it relies on estrogen to grow 

[96,97,98]. Naturally, examining the gene transcriptional activity triggered by the E2 is an 

interest to many researchers. 
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With publicly available GRO-seq datasets, our interest is to examine the relationships 

between the co-localized genomic regions and its transcriptional activity after E2 inducement. 

Two distal genomic regions can co-localize or come in close proximity [99]. This phenomenon 

has been highly debated. A study published in 2008 found two genes, TFF1 and GREB1, on two 

distal genomic locations to co-localize after E2 inducement [8].This study has documented two 

interchromosomal locations migrating within 15-60 minutes after E2 addition. It not only 

revealed long-range chromosome pairing interactions, but also raised questions on how and 

what might trigger the specific pairing. The study was repeated by an independent lab but could 

not obtain the same results; they could not observe any evidence for colocalization [9]. 

We decided to investigate this matter. Utilizing the publicly available GRO-seq 

transcriptome and the ChIA-PET interactome data for MCF-7 breast cancer cell lines, a genome-

wide colocalization sites are examined in respect to their transcription activity [95,100]. As 

aforementioned, GRO-seq provides sensitive measurements on transcription activities occurring 

at the time. In the interactome study, ChIA-PET (Chromatin Interaction Analysis by Paired-End 

Tag sequencing) was used to extract genome-wide co-localized regions in MCF-7 breast cancer 

cell lines after E2 inducement. By examining and analyzing the two datasets, we hope to find 

evidence to link the transcriptional activity and DNA-DNA interaction in genomic regions which 

spatially co-localize. 

Materials & Methods 

Data Processing 

Datasets were collected from the two studies of genome-wide interactome and 

transcriptome data in breast cancer cells [95,100]. For transcriptome data, only the time points 

0, 10 minutes, and 40 minutes after E2 minutes are considered. This is due to other secondary 

indirect effects that may be influencing the transcriptional activity after 40 minutes of E2 
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inducement. Each genomic location was extended by 150bp and the peak score was calculated 

by counting the tags. The data were normalized by the total read count for each replicate 

between the different time points. The differential expression was calculated by the Equation 1. 

                (
              

                 
), (Equation 1) 

To examine how data looks, bins were categorized into the following categories: 

1. Decrease: the expression continues to decrease 

2. Increase: the expression continues to increase 

3. Peak at 10m: the expression is at peak at 10 minutes and decrease 

4. Peak at 40m: the expression is comparable at time 0-10m followed by a sudden increase 

at time 40m 

For interactome data, there were 2185 duplex intra chromosomal interaction available and 

827 duplex inter chromosomal interaction available. Bad mapped interactions were removed. 

An interaction was considered to be badly mapped if there were unusually high number of 

interactions mapped to the region. This could be contributed by the similarity in sequences, 

such as in repeated regions. 875 duplex-intra-chromosomal interactions and 3 duplex inter 

chromosomal interacts were left after filtering out the badly mapped interactions. Due to highly 

false positives occurring in interactome data, only high quality interactions are considered 

initially. For example, the top 50 intra interaction sites have a 90% reproducible rate. The 

reproducible rate decreases thereafter. 

Data Analysis 

To examine the overall transcriptional patter in co-localized regions, interaction sites 

were categorized into the four categories mentioned above. The Pearson’s correlation 

coefficient and covariance were calculated for E2 regulated genes in interaction sites using R 
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[101,102]. Box-dot-plot was produced and graphed using R. The correlation coefficient from all 

E2 regulated genes were used as the background for comparison. 
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Data Visualization 

The GRO-seq and interactome data were visualized in UCSC genome browser. In 

addition estrogen binding sites and bidirectional promoters were visualized to aid in selecting 

candidates for FISH experiments [103,104].  The overall method of the study is shown in Figure 

4.1. 
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Figure 4.1. The schematic of the study. 

 

Results and Discussion 

The fixed sized bins (k=150 bp) were categorized according to their transcriptional 

activity pattern. The four categories are: decrease, increase, peak at 10m, peak at 40m.  For 
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each bin, the changes in folds were calculated at each time point. The number of bins and 

interactions belonging to each category is shown in Table 4.1, and interactions sites 

corresponding to each category are listed in Table 4.2. As shown in the table, the ratio of 

decrease to one of the increase categories is 1:2; about 1/3 of bins decrease in transcription 

activity after E2 inducement. Interestingly, when interactions are categorized into the four 

categories, the ratio significantly changes. The ratio of number of interaction belonging to the 

decrease category to all other increasing categories is now 1:19; about 0.05 percent of all 

interactions belong to the decrease. A significantly small number of interactions belonging to 

the decrease category imply that the interaction regions favor the increase in transcriptional 

activity. 

Table 4.1. Number of bins and interactions belonging to each category 

Category Number of Bins Number of Interactions 

Decrease 62901 32 

Increase 37489 362 

Peak at 10m 91295 132 

Peak at 40m 33545 89 

 

Table 4.2. Interaction sites according after categorizing into four categories 

Head Interacting Site Tail Interacting Site Category 

chr1:65219516-65221912 chr1:65277879-65283042 decrease 

chr1:22665859-22669771 chr1:22670528-22673199 decrease 

chr1:17719192-17721280 chr1:17728418-17732870 decrease 

chr1:19778477-19781668 chr1:19795532-19798359 decrease 
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chr1:12465711-12470461 chr1:12581327-12583778 decrease 

chr1:22670528-22673199 chr1:22824281-22826284 decrease 

chr2:39259876-39262045 chr2:39263515-39267466 decrease 

chr1:15213276-15218882 chr1:15222288-15227780 decrease 

chr1:65219516-65221912 chr1:65233200-65235435 decrease 

chr1:42013969-42019783 chr1:42105247-42106998 decrease 

chr7:101310946-101316944 chr7:101396989-101407861 decrease 

chr1:17719192-17721280 chr1:17775395-17779390 decrease 

chr2:39204943-39207877 chr2:39259876-39262045 decrease 

chr1:19668674-19671623 chr1:19778477-19781668 decrease 

chr1:12436697-12439369 chr1:12465711-12470461 decrease 

chr16:79203338-79209489 chr16:79211403-79213650 decrease 

chr10:8022489-8031646 chr10:8046939-8049366 decrease 

chr16:52676661-52677676 chr16:52680319-52687875 decrease 

chr2:39256229-39259095 chr2:39259876-39262045 decrease 

chr1:111855438-111862813 chr1:112319359-112324942 decrease 

chr1:12436697-12439369 chr1:12581327-12583778 decrease 

chr1:19668674-19671623 chr1:19795532-19798359 decrease 

chr14:99548435-99554130 chr14:99671435-99675188 decrease 

chr2:20534583-20541346 chr2:20645838-20650636 decrease 

chr1:15122431-15130822 chr1:15222288-15227780 decrease 

chr20:46733623-46739871 chr20:46781649-46788160 decrease 

chr1:39380155-39381763 chr1:39414607-39417502 decrease 



63 
 

chr22:28527515-28532184 chr22:28537719-28540961 decrease 

chr1:65277879-65283042 chr1:65286306-65289756 decrease 

chr1:44299083-44303587 chr1:44305838-44307340 decrease 

chr16:52671766-52674563 chr16:52676661-52677676 decrease 

chr2:20438279-20438467 chr2:20440000-20442206 decrease 

chr17:70265182-70270225 chr17:70276046-70280128 increase 

chr2:11555104-11557182 chr2:11586403-11593981 increase 

chr16:83877229-83882374 chr16:83895874-83898916 increase 

chr21:42658085-42660840 chr21:42663417-42671366 increase 

chr15:69175757-69177516 chr15:69180640-69187680 increase 

chr2:11586403-11593981 chr2:11596581-11600908 increase 

chr8:128879215-128885807 chr8:128950906-128954180 increase 

chr2:11555104-11557182 chr2:11596581-11600908 increase 

chr6:17494016-17499167 chr6:17500244-17504521 increase 

chr8:128939256-128943235 chr8:128950906-128954180 increase 

chr16:87514941-87519254 chr16:87520274-87524762 increase 

chr16:23054621-23059485 chr16:23066456-23070163 increase 

chr17:23873481-23878426 chr17:23886721-23889360 increase 

chr20:48775798-48781531 chr20:48810476-48818053 increase 

chr19:43479316-43483518 chr19:43499912-43508780 increase 

chr9:96580325-96589069 chr9:96792489-96799734 increase 

chr1:200339730-200344708 chr1:200346543-200351157 increase 

chr12:122112647-122113987 chr12:122116392-122122223 increase 
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chr10:5737585-5739161 chr10:5741457-5743077 increase 

chr10:42839272-42844751 chr10:42924555-42931130 increase 

chr16:22997546-23000820 chr16:23054621-23059485 increase 

chr8:128879215-128885807 chr8:128939256-128943235 increase 

chr6:125560684-125562058 chr6:125563178-125566002 increase 

chr6:125516530-125518785 chr6:125563178-125566002 increase 

chr3:151918822-151928396 chr3:151935909-151940113 increase 

chr14:73312072-73315362 chr14:73317152-73324844 increase 

chr5:167653169-167658235 chr5:167674465-167680178 increase 

chr16:83895874-83898916 chr16:83900662-83905640 increase 

chr8:128943566-128950388 chr8:128950906-128954180 increase 

chr19:45661219-45664274 chr19:45675979-45678352 increase 

chr15:62599360-62602112 chr15:62701413-62705724 increase 

chr5:167674465-167680178 chr5:167710174-167714488 increase 

chr8:128939256-128943235 chr8:128943566-128950388 increase 

chr8:128950906-128954180 chr8:128990566-128998191 increase 

chr6:11159420-11164769 chr6:11173471-11178964 increase 

chr3:61762411-61770900 chr3:62136464-62139861 increase 

chr6:17494016-17499167 chr6:17580219-17583025 increase 

chr11:70283686-70286919 chr11:70328345-70332566 increase 

chr8:102547109-102552895 chr8:102581037-102592087 increase 

chr10:80557068-80562441 chr10:80584844-80589864 increase 

chr2:42863509-42865755 chr2:42867753-42870500 increase 
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chr7:101374616-101375557 chr7:101396989-101407861 increase 

chr3:151935909-151940113 chr3:151953792-151958833 increase 

chr7:105003924-105010948 chr7:105061509-105070579 increase 

chr8:67596037-67598761 chr8:67784698-67793992 increase 

chr3:61646663-61654175 chr3:61762411-61770900 increase 

chr6:17500244-17504521 chr6:17580219-17583025 increase 

chr5:167674465-167680178 chr5:167707201-167708562 increase 

chr6:11152507-11156363 chr6:11173471-11178964 increase 

chr17:35856526-35858959 chr17:35964006-35967134 increase 

chr3:157742385-157746505 chr3:157835259-157842050 increase 

chr17:35716155-35722642 chr17:35729116-35732770 increase 

chr16:71503233-71508583 chr16:71513521-71522704 increase 

chr2:11555104-11557182 chr2:11558373-11561761 increase 

chr19:44312064-44313253 chr19:44330864-44336081 increase 

chr16:1275400-1280338 chr16:1287022-1289690 increase 

chr5:137170484-137174446 chr5:137176962-137179745 increase 

chr3:126033404-126037547 chr3:126038317-126041223 increase 

chr1:22665859-22669771 chr1:22670528-22673199 increase 

chr10:80557068-80562441 chr10:80590597-80593531 increase 

chr17:36095645-36097936 chr17:36108561-36113883 increase 

chr1:17719192-17721280 chr1:17728418-17732870 increase 

chr14:92567176-92571022 chr14:92578147-92588479 increase 

chr21:39200012-39202137 chr21:39207458-39211164 increase 
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chr19:44312064-44313253 chr19:44316667-44320000 increase 

chr17:23883960-23884728 chr17:23886721-23889360 increase 

chr6:125563178-125566002 chr6:125567720-125568384 increase 

chr1:143697537-143702547 chr1:143703052-143706219 increase 

chr8:13054836-13062491 chr8:13176300-13179309 increase 

chr1:200339730-200344708 chr1:200366479-200371260 increase 

chr14:90926707-90934021 chr14:90952186-90955402 increase 

chr2:159286988-159290429 chr2:159303838-159312929 increase 

chr5:122206250-122214710 chr5:122215269-122219252 increase 

chr3:157742385-157746505 chr3:158012384-158015061 increase 

chr3:61665340-61671802 chr3:61762411-61770900 increase 

chr6:42149141-42152949 chr6:42195851-42198811 increase 

chr14:99626832-99634367 chr14:99671435-99675188 increase 

chr5:122206250-122214710 chr5:122230593-122234872 increase 

chr21:39203085-39206024 chr21:39207458-39211164 increase 

chr2:216552501-216554104 chr2:216555422-216557629 increase 

chr1:205137158-205147892 chr1:205149178-205154179 increase 

chr11:72170902-72172855 chr11:72173349-72177985 increase 

chr2:42421463-42425712 chr2:42867753-42870500 increase 

chr4:6331147-6334796 chr4:6465909-6469914 increase 

chr10:115674527-115677778 chr10:115805084-115809855 increase 

chr17:35729116-35732770 chr17:35856526-35858959 increase 

chr8:128879215-128885807 chr8:128943566-128950388 increase 
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chr6:125516530-125518785 chr6:125560684-125562058 increase 

chr9:131556967-131558501 chr9:131574091-131576710 increase 

chr19:10457604-10458591 chr19:10473578-10475399 increase 

chr4:169830088-169836009 chr4:169846225-169857107 increase 

chr15:69160813-69167342 chr15:69175757-69177516 increase 

chr22:27538984-27541518 chr22:27548815-27551943 increase 

chr22:35912035-35916405 chr22:35922647-35924484 increase 

chr16:303976-309825 chr16:315996-318754 increase 

chr17:35958309-35959828 chr17:35964006-35967134 increase 

chr11:76157078-76162868 chr11:76426226-76431153 increase 

chr4:169846225-169857107 chr4:170077278-170081669 increase 

chr5:131640518-131643446 chr5:131739627-131745350 increase 

chr6:15143373-15147673 chr6:15198010-15201188 increase 

chr1:200346543-200351157 chr1:200366479-200371260 increase 

chr17:23873481-23878426 chr17:23883960-23884728 increase 

chr22:36287951-36293997 chr22:36296054-36297703 increase 

chr15:90978286-90984847 chr15:90986477-90990979 increase 

chr21:37561273-37564533 chr21:37736741-37744268 increase 

chr9:96440662-96443519 chr9:96580325-96589069 increase 

chrX:153301406-153302065 chrX:153370700-153375930 increase 

chr9:131288028-131291856 chr9:131359774-131364751 increase 

chr14:67011332-67016954 chr14:67066349-67074179 increase 

chr8:128939256-128943235 chr8:128990566-128998191 increase 
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chr14:73291670-73295238 chr14:73317152-73324844 increase 

chr14:76909743-76914885 chr14:76932784-76938037 increase 

chr11:76157078-76162868 chr11:76176400-76177724 increase 

chr9:4840884-4844204 chr9:4856244-4859533 increase 

chr11:74721316-74725121 chr11:74735567-74741012 increase 

chr22:28103390-28104340 chr22:28111014-28114366 increase 

chr11:66544138-66546946 chr11:66551032-66553478 increase 

chr1:109579322-109585508 chr1:109588381-109590897 increase 

chr2:109454293-109458498 chr2:109460732-109465397 increase 

chr20:23284038-23287470 chr20:23289686-23293206 increase 

chr8:102541194-102545884 chr8:102547109-102552895 increase 

chr10:80584844-80589864 chr10:80590597-80593531 increase 

chr15:71787013-71791926 chr15:72018744-72021011 increase 

chr9:96580325-96589069 chr9:96805363-96806393 increase 

chr4:6465909-6469914 chr4:6683508-6687732 increase 

chr4:88072636-88076276 chr4:88260182-88264966 increase 

chr3:157835259-157842050 chr3:158012384-158015061 increase 

chr9:33093829-33100131 chr9:33222508-33226248 increase 

chr2:219970238-219974687 chr2:220049111-220052817 increase 

chr2:238083184-238086077 chr2:238131347-238132889 increase 

chr1:15175555-15179306 chr1:15222288-15227780 increase 

chr19:40450747-40458628 chr19:40498454-40503026 increase 

chr1:27109896-27113690 chr1:27144914-27150227 increase 
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chr5:131739627-131745350 chr5:131771887-131776878 increase 

chr16:83895874-83898916 chr16:83912782-83917177 increase 

chr13:112654175-112659318 chr13:112668798-112675426 increase 

chr8:67587205-67590778 chr8:67596037-67598761 increase 

chr1:15213276-15218882 chr1:15222288-15227780 increase 

chr1:112319359-112324942 chr1:112326739-112333033 increase 

chr3:46674965-46679578 chr3:46681338-46685325 increase 

chr8:102581037-102592087 chr8:102593776-102598474 increase 

chr5:131733539-131737958 chr5:131739627-131745350 increase 

chr17:35723063-35727627 chr17:35729116-35732770 increase 

chr19:43499912-43508780 chr19:43896802-43899641 increase 

chr16:4357220-4365265 chr16:4603278-4609308 increase 

chr14:73135644-73139716 chr14:73317152-73324844 increase 

chr9:96580325-96589069 chr9:96751601-96755373 increase 

chr3:157874538-157877642 chr3:158012384-158015061 increase 

chr17:35716155-35722642 chr17:35856526-35858959 increase 

chr3:157742385-157746505 chr3:157874538-157877642 increase 

chrX:153301406-153302065 chrX:153420383-153424387 increase 

chrX:153420383-153424387 chrX:153530976-153534094 increase 

chr17:23886721-23889360 chr17:23982094-23990154 increase 

chr10:42839272-42844751 chr10:42895336-42898467 increase 

chr3:57998158-58004569 chr3:58054688-58060515 increase 

chr3:157835259-157842050 chr3:157874538-157877642 increase 
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chr15:69160813-69167342 chr15:69180640-69187680 increase 

chr1:65219516-65221912 chr1:65233200-65235435 increase 

chr13:112668798-112675426 chr13:112684702-112688859 increase 

chr6:125560684-125562058 chr6:125567720-125568384 increase 

chr22:29015786-29019678 chr22:29024309-29024671 increase 

chr3:66605003-66613332 chr3:66616293-66616819 increase 

chr6:158379993-158387395 chr6:158390270-158391123 increase 

chr20:36200993-36203290 chr20:36206119-36209987 increase 

chr20:46744865-46750910 chr20:46752274-46757426 increase 

chr10:95182962-95187682 chr10:95188858-95193292 increase 

chr19:4486206-4489017 chr19:4489613-4491267 increase 

chr11:70328345-70332566 chr11:70869833-70871817 increase 

chr1:200366479-200371260 chr1:200569643-200577503 increase 

chr14:90809562-90814294 chr14:90952186-90955402 increase 

chr17:23873481-23878426 chr17:23982094-23990154 increase 

chr7:101310946-101316944 chr7:101396989-101407861 increase 

chr16:22997546-23000820 chr16:23066456-23070163 increase 

chr1:17719192-17721280 chr1:17775395-17779390 increase 

chr3:155364019-155365910 chr3:155418123-155423115 increase 

chr1:15122431-15130822 chr1:15175555-15179306 increase 

chrX:153370700-153375930 chrX:153420383-153424387 increase 

chr4:15569762-15575070 chr4:15616460-15619901 increase 

chr10:105637321-105640235 chr10:105680688-105685424 increase 
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chr11:66551032-66553478 chr11:66583771-66587004 increase 

chr1:205102259-205108474 chr1:205137158-205147892 increase 

chr16:83877229-83882374 chr16:83900662-83905640 increase 

chr1:22670528-22673199 chr1:22684454-22688887 increase 

chr6:32628540-32631562 chr6:32642545-32644356 increase 

chrX:109291728-109293212 chrX:109301654-109305434 increase 

chr14:75052772-75061906 chr14:75068230-75073709 increase 

chr19:43887066-43892916 chr19:43896802-43899641 increase 

chr20:45404907-45410383 chr20:45413870-45418180 increase 

chrX:109295844-109298368 chrX:109301654-109305434 increase 

chr9:33218637-33219688 chr9:33222508-33226248 increase 

chr5:167674465-167680178 chr5:167682130-167685760 increase 

chr19:40496365-40496707 chr19:40498454-40503026 increase 

chr17:35961425-35963582 chr17:35964006-35967134 increase 

chr19:40498454-40503026 chr19:40733754-40737102 increase 

chrX:153301406-153302065 chrX:153530976-153534094 increase 

chr16:87520274-87524762 chr16:87747331-87750012 increase 

chr1:200346543-200351157 chr1:200569643-200577503 increase 

chr10:115805084-115809855 chr10:115987950-115989714 increase 

chr11:116557680-116562609 chr11:116673683-116682940 increase 

chr8:128879215-128885807 chr8:128990566-128998191 increase 

chr17:35856526-35858959 chr17:35958309-35959828 increase 

chrX:130452333-130455391 chrX:130550406-130557104 increase 
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chr15:99522272-99526803 chr15:99605868-99607181 increase 

chr14:76852758-76855131 chr14:76932784-76938037 increase 

chr18:55798474-55803210 chr18:55871263-55872469 increase 

chr2:238066094-238070177 chr2:238131347-238132889 increase 

chr18:53544792-53548856 chr18:53607997-53614251 increase 

chr5:95031882-95035154 chr5:95085764-95092518 increase 

chr8:128898752-128905209 chr8:128950906-128954180 increase 

chr11:70236259-70240546 chr11:70283686-70286919 increase 

chr8:128943566-128950388 chr8:128990566-128998191 increase 

chr9:96751601-96755373 chr9:96792489-96799734 increase 

chr8:128898752-128905209 chr8:128939256-128943235 increase 

chr16:83877229-83882374 chr16:83912782-83917177 increase 

chr11:70833474-70839681 chr11:70869833-70871817 increase 

chr11:66551032-66553478 chr11:66578156-66582809 increase 

chr5:95031882-95035154 chr5:95057371-95060966 increase 

chr10:5741457-5743077 chr10:5764548-5768922 increase 

chr1:149220299-149225319 chr1:149244108-149249099 increase 

chr2:42421463-42425712 chr2:42444057-42448415 increase 

chr7:140315326-140320365 chr7:140335680-140339415 increase 

chr2:11570268-11571171 chr2:11586403-11593981 increase 

chr6:158379993-158387395 chr6:158401691-158405050 increase 

chr2:11579465-11584603 chr2:11596581-11600908 increase 

chr17:23873481-23878426 chr17:23890393-23892854 increase 



73 
 

chr5:122215269-122219252 chr5:122230593-122234872 increase 

chr19:44316667-44320000 chr19:44330864-44336081 increase 

chr21:42663417-42671366 chr21:42681657-42687605 increase 

chr5:167665520-167667029 chr5:167674465-167680178 increase 

chr21:42651984-42658015 chr21:42663417-42671366 increase 

chr1:997293-999494 chr1:1004688-1005563 increase 

chr14:49526287-49532923 chr14:49537978-49543669 increase 

chr6:157182696-157186027 chr6:157189512-157192314 increase 

chr6:11152507-11156363 chr6:11159420-11164769 increase 

chr11:70866261-70867120 chr11:70869833-70871817 increase 

chr8:96289274-96289951 chr8:96291343-96294367 increase 

chr14:95047849-95049151 chr14:95050529-95054385 increase 

chr11:66578156-66582809 chr11:66583771-66587004 increase 

chr4:2390323-2392039 chr4:2392761-2394512 increase 

chr1:17719192-17721280 chr1:17721952-17726774 increase 

chr17:35856526-35858959 chr17:36823232-36829181 increase 

chr11:70283686-70286919 chr11:70869833-70871817 increase 

chr10:115428111-115433256 chr10:115805084-115809855 increase 

chr17:40473722-40478327 chr17:40745619-40746951 increase 

chr10:115428111-115433256 chr10:115674527-115677778 increase 

chr1:200339730-200344708 chr1:200569643-200577503 increase 

chr2:159070857-159077247 chr2:159286988-159290429 increase 

chr6:15143373-15147673 chr6:15356645-15363710 increase 



74 
 

chr1:204931386-204934859 chr1:205137158-205147892 increase 

chr2:232091582-232094425 chr2:232279080-232285057 increase 

chr15:72895937-72898474 chr15:73015386-73018732 increase 

chr11:70236259-70240546 chr11:70328345-70332566 increase 

chr11:69331590-69335112 chr11:69412113-69418355 increase 

chr8:128950906-128954180 chr8:129029676-129035098 increase 

chr1:182715912-182722849 chr1:182780749-182783978 increase 

chr5:167653169-167658235 chr5:167710174-167714488 increase 

chr6:125516530-125518785 chr6:125567720-125568384 increase 

chr1:6890914-6893843 chr1:6940226-6945256 increase 

chr21:36481142-36483133 chr21:36528577-36529608 increase 

chr21:31784870-31788441 chr21:31821302-31825492 increase 

chr15:72865363-72871145 chr15:72895937-72898474 increase 

chr9:96580325-96589069 chr9:96611821-96614337 increase 

chr13:40464751-40466920 chr13:40489292-40490985 increase 

chr19:7367152-7370010 chr19:7392203-7393077 increase 

chr17:70251055-70255560 chr17:70276046-70280128 increase 

chr18:9772034-9776657 chr18:9793979-9795848 increase 

chr19:7372948-7375321 chr19:7392203-7393077 increase 

chr1:22651239-22654020 chr1:22670528-22673199 increase 

chr17:46087118-46091948 chr17:46106738-46112172 increase 

chr19:4918797-4924710 chr19:4939259-4945664 increase 

chr11:72161598-72162447 chr11:72173349-72177985 increase 
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chr2:47034927-47040394 chr2:47049037-47052438 increase 

chr12:1807718-1811994 chr12:1818935-1821780 increase 

chr7:47538553-47541568 chr7:47548161-47551134 increase 

chr16:2319314-2321846 chr16:2328373-2334199 increase 

chr4:88072636-88076276 chr4:88082654-88084903 increase 

chr9:96429844-96435253 chr9:96440662-96443519 increase 

chr21:36481142-36483133 chr21:36487431-36489961 increase 

chr5:138995575-138998409 chr5:139001733-139006892 increase 

chr10:115805084-115809855 chr10:115812588-115814168 increase 

chr2:11550764-11552425 chr2:11555104-11557182 increase 

chr3:32121185-32124140 chr3:32126801-32128481 increase 

chrX:109291728-109293212 chrX:109295844-109298368 increase 

chr15:87448704-87453452 chr15:87455773-87462425 increase 

chr2:238066094-238070177 chr2:238072441-238080972 increase 

chr12:120093011-120093992 chr12:120096180-120101942 increase 

chr1:19791579-19793396 chr1:19795532-19798359 increase 

chr12:38110966-38115375 chr12:38117184-38125316 increase 

chr7:98808118-98812450 chr7:98814259-98820402 increase 

chr14:99671435-99675188 chr14:99676721-99680406 increase 

chr20:29721379-29726745 chr20:29727484-29734255 increase 

chr17:35716155-35722642 chr17:35723063-35727627 increase 

chr11:66551032-66553478 chr11:69412113-69418355 increase 

chr11:75180545-75183581 chr11:76157078-76162868 increase 
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chr10:115428111-115433256 chr10:115987950-115989714 increase 

chr1:6940226-6945256 chr1:7427756-7431867 increase 

chr11:72173349-72177985 chr11:72614518-72618412 increase 

chr7:84001349-84004475 chr7:84336549-84339808 increase 

chr15:71787013-71791926 chr15:72102189-72105188 increase 

chr6:43879347-43883736 chr6:44183738-44189637 increase 

chr9:130995805-130998554 chr9:131288028-131291856 increase 

chr17:4097759-4101656 chr17:4379738-4387645 increase 

chr2:159070857-159077247 chr2:159303838-159312929 increase 

chr11:69221008-69223547 chr11:69412113-69418355 increase 

chr14:74455942-74461985 chr14:74604826-74608975 increase 

chr1:12436697-12439369 chr1:12581327-12583778 increase 

chr17:57153739-57159960 chr17:57290288-57299016 increase 

chr17:35723063-35727627 chr17:35856526-35858959 increase 

chr1:19668674-19671623 chr1:19795532-19798359 increase 

chr9:94466010-94469457 chr9:94565159-94571120 increase 

chr1:15122431-15130822 chr1:15222288-15227780 increase 

chr12:1818935-1821780 chr12:1908978-1918253 increase 

chr16:1275400-1280338 chr16:1366512-1369301 increase 

chr3:33733145-33737717 chr3:33814399-33815689 increase 

chr7:101310946-101316944 chr7:101374616-101375557 increase 

chr2:217903362-217905958 chr2:217958303-217962121 increase 

chr19:2476020-2477534 chr19:2529492-2535166 increase 
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chr2:238072441-238080972 chr2:238131347-238132889 increase 

chr4:6465909-6469914 chr4:6519870-6525333 increase 

chr19:4918797-4924710 chr19:4967763-4975923 increase 

chr5:131739627-131745350 chr5:131787135-131793057 increase 

chr5:167674465-167680178 chr5:167719166-167720496 increase 

chr2:216514914-216518270 chr2:216555422-216557629 increase 

chr16:1366512-1369301 chr16:1403867-1406718 increase 

chr1:39380155-39381763 chr1:39414607-39417502 increase 

chr14:103228644-103231155 chr14:103263654-103266443 increase 

chr20:61930017-61933457 chr20:61964069-61967585 increase 

chr18:59036780-59041858 chr18:59070463-59074412 increase 

chr3:4765215-4771825 chr3:4798861-4800954 increase 

chr6:3662510-3665065 chr6:3691036-3696114 increase 

chr14:99641566-99645903 chr14:99671435-99675188 increase 

chr17:35856526-35858959 chr17:35881481-35886344 increase 

chr10:123444-127405 chr10:147667-151376 increase 

chr10:42899881-42904508 chr10:42924555-42931130 increase 

chr12:49702444-49706536 chr12:49725907-49728215 increase 

chr6:42149141-42152949 chr6:42170069-42174022 increase 

chr3:15287847-15291893 chr3:15308316-15310012 increase 

chr11:68470476-68473432 chr11:68489383-68491060 increase 

chr14:90908656-90911499 chr14:90926707-90934021 increase 

chr5:167674465-167680178 chr5:167693155-167694693 increase 
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chr16:71513521-71522704 chr16:71533808-71539065 increase 

chr15:87464067-87468262 chr15:87479201-87485979 increase 

chr3:15294206-15298881 chr3:15308316-15310012 increase 

chr18:9785273-9788283 chr18:9793979-9795848 increase 

chr12:1807718-1811994 chr12:1815214-1817479 increase 

chr3:15301503-15305143 chr3:15308316-15310012 increase 

chr1:18564868-18565692 chr1:18568635-18570952 increase 

chr1:94485080-94486233 chr1:94488474-94491456 increase 

chr10:78907987-78912138 chr10:78914352-78916080 increase 

chr2:238072441-238080972 chr2:238083184-238086077 increase 

chr11:74731623-74733647 chr11:74735567-74741012 increase 

chr19:1116041-1118251 chr19:1120096-1122738 increase 

chr15:87455773-87462425 chr15:87464067-87468262 increase 

chr11:66551032-66553478 chr11:66555102-66558100 increase 

chr17:35958309-35959828 chr17:35961425-35963582 increase 

chr19:18456629-18458303 chr19:18459824-18462402 increase 

chr16:87354782-87360148 chr16:87361656-87365136 increase 

chr10:99319836-99322316 chr10:99323694-99327194 increase 

chr3:158012384-158015061 chr3:158016228-158021463 increase 

chr8:102547109-102552895 chr8:102553779-102557717 increase 

chr9:131284942-131287475 chr9:131288028-131291856 increase 

chr1:178109255-178115369 chr1:178115868-178123648 increase 

chr17:70265182-70270225 chr17:70276046-70280128 peak10 
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chr6:17494016-17499167 chr6:17500244-17504521 peak10 

chr1:42013969-42019783 chr1:42027418-42029615 peak10 

chr9:96580325-96589069 chr9:96792489-96799734 peak10 

chr14:73312072-73315362 chr14:73317152-73324844 peak10 

chr1:32067731-32071566 chr1:32080738-32082901 peak10 

chr22:27538984-27541518 chr22:27543299-27546082 peak10 

chr8:102547109-102552895 chr8:102581037-102592087 peak10 

chr1:65219516-65221912 chr1:65277879-65283042 peak10 

chr7:101374616-101375557 chr7:101396989-101407861 peak10 

chr20:46733623-46739871 chr20:46744865-46750910 peak10 

chr1:111815184-111819855 chr1:111855438-111862813 peak10 

chr16:82529897-82535542 chr16:82537482-82539139 peak10 

chr8:67596037-67598761 chr8:67784698-67793992 peak10 

chr3:58054688-58060515 chr3:58062786-58068506 peak10 

chr17:35716155-35722642 chr17:35729116-35732770 peak10 

chr1:22665859-22669771 chr1:22670528-22673199 peak10 

chr1:32080738-32082901 chr1:32116549-32120632 peak10 

chr1:51545124-51547096 chr1:51557587-51562827 peak10 

chr1:17719192-17721280 chr1:17728418-17732870 peak10 

chr8:13054836-13062491 chr8:13176300-13179309 peak10 

chr1:19778477-19781668 chr1:19795532-19798359 peak10 

chr1:162982906-162984871 chr1:162986866-162995233 peak10 

chr1:12465711-12470461 chr1:12581327-12583778 peak10 
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chrX:130452333-130455391 chrX:130526546-130528331 peak10 

chr8:102516727-102520182 chr8:102547109-102552895 peak10 

chr2:42087390-42094106 chr2:42115715-42119827 peak10 

chr7:872491-875249 chr7:886639-890353 peak10 

chr11:72170902-72172855 chr11:72173349-72177985 peak10 

chr1:22670528-22673199 chr1:22824281-22826284 peak10 

chr8:128879215-128885807 chr8:128943566-128950388 peak10 

chr22:35912035-35916405 chr22:35922647-35924484 peak10 

chr16:303976-309825 chr16:315996-318754 peak10 

chr15:71787013-71791926 chr15:71795040-71796360 peak10 

chr1:32067731-32071566 chr1:32116549-32120632 peak10 

chr7:156721390-156723331 chr7:156739575-156742841 peak10 

chr1:200346543-200351157 chr1:200366479-200371260 peak10 

chr15:71769861-71776295 chr15:71787013-71791926 peak10 

chrX:153301406-153302065 chrX:153370700-153375930 peak10 

chr14:73291670-73295238 chr14:73317152-73324844 peak10 

chr14:76909743-76914885 chr14:76932784-76938037 peak10 

chr11:66544138-66546946 chr11:66551032-66553478 peak10 

chr1:27109896-27113690 chr1:27144914-27150227 peak10 

chr17:73918138-73920441 chr17:73926213-73932067 peak10 

chr1:15213276-15218882 chr1:15222288-15227780 peak10 

chr17:35723063-35727627 chr17:35729116-35732770 peak10 

chr1:111849786-111854537 chr1:111855438-111862813 peak10 
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chr16:313940-315235 chr16:315996-318754 peak10 

chr16:4357220-4365265 chr16:4603278-4609308 peak10 

chr9:96580325-96589069 chr9:96751601-96755373 peak10 

chr3:157742385-157746505 chr3:157874538-157877642 peak10 

chr20:48030333-48032926 chr20:48126553-48127855 peak10 

chr11:116183124-116185187 chr11:116212001-116213579 peak10 

chr1:65219516-65221912 chr1:65233200-65235435 peak10 

chr20:46744865-46750910 chr20:46752274-46757426 peak10 

chr14:90809562-90814294 chr14:90952186-90955402 peak10 

chr1:117524084-117528068 chr1:117609655-117617462 peak10 

chr7:101310946-101316944 chr7:101396989-101407861 peak10 

chr19:52252747-52254251 chr19:52274522-52276665 peak10 

chr7:872491-875249 chr7:892302-894804 peak10 

chr14:75052772-75061906 chr14:75068230-75073709 peak10 

chr22:38016253-38020700 chr22:38023425-38029441 peak10 

chr15:88165846-88178521 chr15:88180895-88185967 peak10 

chr1:112229666-112233034 chr1:112233881-112239852 peak10 

chr20:47935418-47940792 chr20:48126553-48127855 peak10 

chr6:44183738-44189637 chr6:44313324-44314903 peak10 

chr1:19668674-19671623 chr1:19778477-19781668 peak10 

chr8:128879215-128885807 chr8:128990566-128998191 peak10 

chr8:128943566-128950388 chr8:128990566-128998191 peak10 

chr9:96751601-96755373 chr9:96792489-96799734 peak10 
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chr11:72173349-72177985 chr11:72210141-72213141 peak10 

chr11:70833474-70839681 chr11:70869833-70871817 peak10 

chr1:12436697-12439369 chr1:12465711-12470461 peak10 

chr1:42003075-42006521 chr1:42027418-42029615 peak10 

chr1:997293-999494 chr1:1004688-1005563 peak10 

chr6:11152507-11156363 chr6:11159420-11164769 peak10 

chr1:51557587-51562827 chr1:51565833-51569781 peak10 

chr1:42027418-42029615 chr1:42032094-42033901 peak10 

chr1:17432031-17432949 chr1:17435368-17441467 peak10 

chr16:79203338-79209489 chr16:79211403-79213650 peak10 

chr1:21450666-21451945 chr1:21453632-21454537 peak10 

chr1:17719192-17721280 chr1:17721952-17726774 peak10 

chr16:82537482-82539139 chr16:83051605-83054630 peak10 

chr2:232091582-232094425 chr2:232279080-232285057 peak10 

chr1:7427756-7431867 chr1:7523358-7524562 peak10 

chr6:151936060-151937788 chr6:152017702-152023133 peak10 

chr1:162949216-162956291 chr1:162982906-162984871 peak10 

chr17:70251055-70255560 chr17:70276046-70280128 peak10 

chr22:28520554-28525767 chr22:28542817-28544969 peak10 

chr1:10716505-10718762 chr1:10733693-10735370 peak10 

chr19:4918797-4924710 chr19:4939259-4945664 peak10 

chr20:45404907-45410383 chr20:45418551-45425811 peak10 

chr1:51533369-51537474 chr1:51545124-51547096 peak10 
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chr2:10075711-10082330 chr2:10088071-10093335 peak10 

chr3:4756865-4759745 chr3:4765215-4771825 peak10 

chr21:36481142-36483133 chr21:36487431-36489961 peak10 

chr22:30304777-30307819 chr22:30310338-30312724 peak10 

chr2:238066094-238070177 chr2:238072441-238080972 peak10 

chr16:82537482-82539139 chr16:82541322-82546754 peak10 

chr12:52657708-52659469 chr12:52661318-52665017 peak10 

chr7:98808118-98812450 chr7:98814259-98820402 peak10 

chr17:35716155-35722642 chr17:35723063-35727627 peak10 

chr1:6940226-6945256 chr1:7427756-7431867 peak10 

chr1:111855438-111862813 chr1:112233881-112239852 peak10 

chr1:12436697-12439369 chr1:12581327-12583778 peak10 

chr17:57153739-57159960 chr17:57290288-57299016 peak10 

chr1:19668674-19671623 chr1:19795532-19798359 peak10 

chr1:32067731-32071566 chr1:32176807-32177623 peak10 

chr9:94466010-94469457 chr9:94565159-94571120 peak10 

chr1:15122431-15130822 chr1:15222288-15227780 peak10 

chr20:47935418-47940792 chr20:48030333-48032926 peak10 

chr1:42013969-42019783 chr1:42100238-42102437 peak10 

chr1:12465711-12470461 chr1:12530298-12532792 peak10 

chr7:101310946-101316944 chr7:101374616-101375557 peak10 

chr20:46733623-46739871 chr20:46781649-46788160 peak10 

chr11:64901630-64906518 chr11:64941140-64944528 peak10 
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chr3:4765215-4771825 chr3:4798861-4800954 peak10 

chr12:49702444-49706536 chr12:49725907-49728215 peak10 

chr1:51545124-51547096 chr1:51565833-51569781 peak10 

chr17:73904593-73907748 chr17:73926213-73932067 peak10 

chr11:67547140-67549348 chr11:67559639-67567074 peak10 

chr9:138861798-138864031 chr9:138871522-138877081 peak10 

chr22:43483227-43486717 chr22:43493916-43495873 peak10 

chr1:10726501-10727876 chr1:10733693-10735370 peak10 

chr1:65277879-65283042 chr1:65286306-65289756 peak10 

chr22:36612649-36614193 chr22:36617322-36619828 peak10 

chr5:176838976-176839344 chr5:176841717-176846185 peak10 

chr15:71781577-71784754 chr15:71787013-71791926 peak10 

chr4:765730-771170 chr4:772751-777622 peak10 

chr16:87354782-87360148 chr16:87361656-87365136 peak10 

chr8:102547109-102552895 chr8:102553779-102557717 peak10 

chr9:131284942-131287475 chr9:131288028-131291856 peak10 

chr15:69175757-69177516 chr15:69180640-69187680 peak40 

chr2:11555104-11557182 chr2:11596581-11600908 peak40 

chr1:200339730-200344708 chr1:200346543-200351157 peak40 

chr3:151918822-151928396 chr3:151935909-151940113 peak40 

chr8:128943566-128950388 chr8:128950906-128954180 peak40 

chr17:78161205-78165880 chr17:78167625-78174019 peak40 

chr8:128950906-128954180 chr8:128990566-128998191 peak40 
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chr3:61762411-61770900 chr3:62136464-62139861 peak40 

chr11:70283686-70286919 chr11:70328345-70332566 peak40 

chr8:102547109-102552895 chr8:102581037-102592087 peak40 

chr1:65219516-65221912 chr1:65277879-65283042 peak40 

chr11:76152983-76156793 chr11:76157078-76162868 peak40 

chr3:61646663-61654175 chr3:61762411-61770900 peak40 

chr16:71503233-71508583 chr16:71513521-71522704 peak40 

chr2:11555104-11557182 chr2:11558373-11561761 peak40 

chr1:22665859-22669771 chr1:22670528-22673199 peak40 

chr1:51545124-51547096 chr1:51557587-51562827 peak40 

chr1:17435368-17441467 chr1:17513466-17514972 peak40 

chr1:200339730-200344708 chr1:200366479-200371260 peak40 

chr14:99626832-99634367 chr14:99671435-99675188 peak40 

chr5:122206250-122214710 chr5:122230593-122234872 peak40 

chr1:205137158-205147892 chr1:205149178-205154179 peak40 

chr15:69160813-69167342 chr15:69175757-69177516 peak40 

chr1:200346543-200351157 chr1:200366479-200371260 peak40 

chr15:90978286-90984847 chr15:90986477-90990979 peak40 

chr14:76909743-76914885 chr14:76932784-76938037 peak40 

chr20:23284038-23287470 chr20:23289686-23293206 peak40 

chr8:102541194-102545884 chr8:102547109-102552895 peak40 

chr1:205134029-205137021 chr1:205137158-205147892 peak40 

chr19:40450747-40458628 chr19:40498454-40503026 peak40 
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chr3:46674965-46679578 chr3:46681338-46685325 peak40 

chr8:102581037-102592087 chr8:102593776-102598474 peak40 

chr20:19210869-19213723 chr20:19509438-19513352 peak40 

chr8:128950906-128954180 chr8:129186792-129196403 peak40 

chr15:69160813-69167342 chr15:69180640-69187680 peak40 

chr10:95182962-95187682 chr10:95188858-95193292 peak40 

chr1:200366479-200371260 chr1:200569643-200577503 peak40 

chr7:101310946-101316944 chr7:101396989-101407861 peak40 

chr1:15122431-15130822 chr1:15175555-15179306 peak40 

chr20:19172659-19178666 chr20:19210869-19213723 peak40 

chr1:205102259-205108474 chr1:205137158-205147892 peak40 

chr1:22670528-22673199 chr1:22684454-22688887 peak40 

chr20:45404907-45410383 chr20:45413870-45418180 peak40 

chr20:19172659-19178666 chr20:19509438-19513352 peak40 

chr19:40498454-40503026 chr19:40733754-40737102 peak40 

chr1:200346543-200351157 chr1:200569643-200577503 peak40 

chr8:128898752-128905209 chr8:128950906-128954180 peak40 

chr11:70236259-70240546 chr11:70283686-70286919 peak40 

chr8:128943566-128950388 chr8:128990566-128998191 peak40 

chr11:72173349-72177985 chr11:72210141-72213141 peak40 

chr1:12436697-12439369 chr1:12465711-12470461 peak40 

chr6:157182696-157186027 chr6:157189512-157192314 peak40 

chr1:51557587-51562827 chr1:51565833-51569781 peak40 
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chr2:42867753-42870500 chr2:42873448-42876345 peak40 

chr1:17432031-17432949 chr1:17435368-17441467 peak40 

chr17:40473722-40478327 chr17:40745619-40746951 peak40 

chr1:200339730-200344708 chr1:200569643-200577503 peak40 

chr1:204931386-204934859 chr1:205137158-205147892 peak40 

chr11:70236259-70240546 chr11:70328345-70332566 peak40 

chr1:6890914-6893843 chr1:6940226-6945256 peak40 

chr1:22651239-22654020 chr1:22670528-22673199 peak40 

chr10:8022489-8031646 chr10:8046939-8049366 peak40 

chr20:45404907-45410383 chr20:45418551-45425811 peak40 

chr1:22670528-22673199 chr1:22678208-22681481 peak40 

chr3:170812594-170817945 chr3:170822939-170827484 peak40 

chr7:30164220-30170466 chr7:30175261-30180318 peak40 

chr12:52657708-52659469 chr12:52661318-52665017 peak40 

chr14:99671435-99675188 chr14:99676721-99680406 peak40 

chr5:122206250-122214710 chr5:122486889-122491065 peak40 

chr22:36612649-36614193 chr22:36724447-36728300 peak40 

chr1:12465711-12470461 chr1:12530298-12532792 peak40 

chr15:88105019-88109081 chr15:88165846-88178521 peak40 

chr4:6465909-6469914 chr4:6519870-6525333 peak40 

chr3:71195821-71201666 chr3:71240811-71245663 peak40 

chr2:216514914-216518270 chr2:216555422-216557629 peak40 

chr3:62101257-62105892 chr3:62136464-62139861 peak40 
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chr14:99641566-99645903 chr14:99671435-99675188 peak40 

chr21:15271632-15277381 chr21:15296497-15301065 peak40 

chr1:51545124-51547096 chr1:51565833-51569781 peak40 

chr15:69158323-69159769 chr15:69175757-69177516 peak40 

chr8:107705153-107706915 chr8:107721554-107728553 peak40 

chr2:74977811-74983660 chr2:74997568-75002703 peak40 

chr6:44298887-44302276 chr6:44313324-44314903 peak40 

chr1:202363702-202369127 chr1:202378993-202382439 peak40 

chr1:65277879-65283042 chr1:65286306-65289756 peak40 

chr2:238072441-238080972 chr2:238083184-238086077 peak40 

chr11:74731623-74733647 chr11:74735567-74741012 peak40 

chr20:48614965-48619298 chr20:48620630-48625199 peak40 

chr8:102547109-102552895 chr8:102553779-102557717 peak40 

 

Further evidence that co-localized regions and transcription activity may be dependent is 

obtained from the covariance and correlation analyses. The correlation and covariance were 

calculated for the following: All E-2 regulated genes; E2 regulated genes in top 100 interaction 

sites; E2 regulated genes in top 50 interaction sites; all genes in top 875 interaction sites; E2 

regulated genes in the top 875 interaction sites. The values are shown in Table 4.3 and Table 4.4. 

 

Table 4.3. Covariance Analysis 

Covariance 

Analyses 
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Statistics 

for 

All E2-

Regulated 

genes 

Genes in 

Top 100 

Interactio

n Sites 

Genes in Top 

50 interaction 

sites 

All Genes in top 

875 interactions 

(include non-E2 

reg genes) 

E2 Regulated 

Genes in top 

875 

interactions 

Mean 2.32E+02 30981.028 44789.3477 2778.614 11226.2163 

Standard 

deviation 

4.99E+04 55496.796 76386.7606 16161.56 3224188.86 

Min -9.89E+06 -

28802.547 

-95.8695 -300824.2 -30082415% 

25% -7.74E+02 1347.07 3828.6164 -7.403635 342.0675 

50% -6.29E+00 9376.807 14509.4568 10.25886 231429% 

75% 7.78E+02 38535.019 54165.4704 553.3879 9965.3723 

Maximum 5.85E+07 510129.07

1 

510129.0715 758902.2 721399.0778 

 

Table 4.4. Correlation Coefficient Analyses 
 

stats All E2-

Regulat

ed 

genes 

Genes in 

Top 100 

Interaction 

Sites 

Genes in 

Top 50 

interaction 

sites 

All Genes in top 875 

interactions (include 

non-E2 reg genes) 

E2 Regulated 

Genes in top 

875 interactions 

mean 0.0211 0.72 0.7859 0.2451327 0.6144589 

Standard 

deviation 

0.0805 0.4572 0.3168 0.6142017 0.5242827 
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Min -1 -0.998 -0.2566 -0.9999883 -0.9999617 

25% -0.824 0.6958 0.7042 -0.3018181 0.5489359 

50% -0.027 0.954 0.9633 0.3795782 0.8596274 

75% 0.905 0.99 0.993 0.8259218 0.9557231 

Maximum 1 1 0.999 1 0.9999937 

 

The correlation and covariance was produced by the following. For each gene of interest, 

its correlation and covariance value was calculated in respect to all other genes in the group, 

thus producing a matrix of dimension N, where N is a number of genes of interest. 

As shown in Figure 4.2, the correlation coefficients of all E2 regulated genes (background) is 

evenly distributed between -1 and 1, with a mean of approximately 0. In comparison, when the 

genes in the top 100 interaction sites are examined, the mean of correlation coefficient is 0.72, a 

very strong positive correlation. When we narrow further and examine the genes in the top 50 

interaction sites, the correlation coefficient is at 0.78 (Table 4.4). 

A correlation study is also calculated for all genes in the top 875 interaction sites as well 

as E2 regulated genes in 875 interaction sites. The mean correlation for all genes in interactions 

examined is 0.245. Contrast to the background, all E2 regulated genes (cc=0.021), where no 

correlation was observed, a weak correlation is discerned (Table 4.4). This suggest that in this 

data, some of the interaction sites found E2 inducement that are associated with non-E2 

regulated genes may be  sites which are co-localized by chance. Movements induced by E2 

binding sites may cause other irrelevant genomic locations to co-localize. Because the 

interactome data does not distinguish which interactions are truly co-localizing to carry out a 

function, the relatively low correlation may be due to such sites. 
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When all E2 regulated genes in 875 interactions are examined, a high correlation is observed 

(cc=0.614) (Table 4.4). While it is still high, the correlation is relatively lower than the correlation 

calculated from the high quality interaction sites, e.g. Top 50 and Top 100.  The reproducible 

rate for interaction sites decrease after top 100 sites. When false positives of interaction sites 

are considered, 0.614 is significantly high correlation. The correlation study shows a general 

trend of E2 regulated genes to be up-regulated in interaction regions after E2 inducement. 

A 

 

 

 

 

 

 

B 
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Figure 4.2. Graphs of correlation coefficient values. A(top): Correlation coefficient graph for the 

background. B(bottom): Correlation coefficient for the top 50 interaction sites (left) and top 100 

interaction sites(right). 

 

Such a drastic contrast is observed between the correlations from genes involved in 

interactions vs all genes induced by E2. Genes involved in interactions are highly correlated and 

are highly transcribed. This corroborates the hypothesis that the interactions may occur to 

enhance the transcription efficiency. The findings from this study, that the genes involved in 

interactions are highly transcribed, deduce that genomic regions co-localize to transcribe genes. 

The purpose of this study is to find genomic locations that are co-localized by analyzing the 

expression data and the interactome data. Thus, we calculated the correlation coefficient for all 
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875 interaction sites and checked the regions that are highly induced or repressed.  Table 4.4 

shows negatively correlated interaction site (Table 4.4 can be found at the end of the chapter). 

To find the candidates for RNA FISH experiment, a careful selection was made where 

interaction sites which exhibit significantly increased or decreased gene expressions after E2 

inducement were chosen. The data were visualized in UCSC genome browser and each 

candidate sites were examined manually [105,106].  The following data were visualized in UCSC 

genome browser to aid in the candidate selection: GRO-seq transcription data; ChIA-PET data; 

bidirectional promoter data; ER binding sites [95,100,103,104]. 

Bidirectional promoter can initiate transcriptions in both strands. We checked whether 

there are any bidirectional promoter that can be found in between the interaction sites and 

genes. Table 4.5 lists the bidirectional promoters that are found between genes or at least one 

gene in the interaction sites. 

 

Table 4. 6. Genes involved in bidirectional promoter 

 

Location                                                 Genes involved in bidirectional promoters 

chr10:115603904-115604170 DCLRE1A NHLRC2 

chr10:115604172-115604257 DCLRE1A NHLRC2 

chr10:115604259-115604534 DCLRE1A NHLRC2 

chr11:46595132-46595892 HARBI1 ATG13 

chr11:46595447-46595448 HARBI1 ATG13 

chr1:148125028-148125493 HIST3HBE HIST2H2AC 

chr1:150029094-150029647 TDRKH  
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chr1:150029788-150030181 TDRKH  

chr1:154519237-154519596 SMG5 TMEM79 

chr11:73559854-73560091 C2D3 PPME1 

chr1:181707735-181708137 DKFZP564C196 SMG7 

chr1:215871023-215871320 GPATCH2 SPATA17 

chr12:4517899-4518373 C12orf4 RAD51AP1 

chr12:4518002-4518025 C12orf4 RAD51AP1 

chr12:81276287-81276616 CCDC59 C12orf26 

chr13:47473491-47473877 SUCLA2  

chr15:47700145-47700441 C15ORF33 DTWD1 

chr15:47700443-47700663 C15ORF33 DTWD1 

chr19:53558782-53559356 THEM143 SYNGR4 

chr20:61965742-61966518  TPD52L2 

chr2:220145054-220145465 OBSL1 INHA 

chr22:40194969-40195597 PHF5A ACO2 

chr2:85683347-85683858 TMEM150A USP39 

chr3:53855123-53855943 CHDH IL17RB 

chr4:88074784-88075258 C4orf36 AFF1 

chr4:88074900-88074954 C4orf36 AFF1 

chr7:99864336-99864652 ZCWPW1 MEPCE 

chr8:125620315-125620621 TATDN1 NDUFB9 

chr8:144170666-144171510 LOC100133669 LY6E 

chr9:130124536-130124950 TRUB2 COQ4 
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chrX:100549245-100549789 GLA HNRNPH2 

 

After the examination of potential sites, 34 interactions that show positive correlation 

and 1 interaction that show negative correlation are selected for FISH experiment. We did not 

find convincing evidence to pursue interchromosomal interaction; thus they were filtered out 

during the process of examination. Figure 4.3-5 shows visualizations of FOXN1, KCNK6, and TFF1 

interactions. 

FOXN1’s significant increase in transcription activity is evident in interaction with 

KIAA0100. KIAA0100 is also induced (Figure 4.3). The genomic distance between the two genes 

interaction spans over 100k bases, makes an ideal candidate for FISH experiment. The similar 

pattern can be observed for genes KCNK6 and ACTIN 4 interacts as well as TFF1 and TMPRSS3 

genes (Figure 4. 4-5). TFF1 and TMPRSS3 genes are a special interest, as both genes are 

oncogenes. 
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Figure 4.3. The visualization of FOXN1 interaction with KIAA0100 
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Figure 4.4. The visualization of KCNK6 interaction with ACTIN4 
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Figure 4.5. The visualization of TFF1 interaction with TMPRSS3 

 

Table 4.4. Interaction regions that show negatively correlated expressions between the time 

points 0, 10m, 40m. 
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Conclusion 

Examinations of transcription activity after E2 inducement in respect to interaction sites 

have revealed a strong correlation between the spatial localization and the transcription activity. 

From the data, it is unequivocal that spatially localized E2 regulated genes are driven by a 

mechanism; it is not an event that occurs by a chance. Also, we were able to discern that this 

behavior is distinctively exhibited by E2 regulated sites. When we examined non E2 regulated 

genes in co-localized sites, the correlation was significantly weaker. This indicates the existence 

of co-localized genomic regions by a random chance that was captured by the ChIA-PET 

experiment. Nonetheless, the layers have datasets utilized in this study have led to a high 
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quality interaction sites to be examined via RNA-FISH and provided a good insights into the 

behavior of E2 regulated genes in interaction sites. 
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CHAPTER 5 

CONCLUSION 

Bioinformatics approach in conjunction with experimental validation provides a 

powerful combination to carry out a research. We have applied different techniques and 

approaches to confront some of challenging issues in cancer research.  A wide range of 

questions were addressed. 

We examined genomics, proteomics, and transcriptomics data, which are now highly 

accessible. Proteomics data were used to train classifier that could accurately predict the 

excreted proteins. The idea here was to develop a new protocol that will allow us to carry out a 

target-focused study rather than having to comprehensively check for all proteins in urine to 

find a potential biomarker. Thus, by predicting the excreted proteins among highly differentially 

expressed proteins in gastric cancer, we are only left with a small set of proteins to carry out a 

Western-blot validation. 

The result was a highly accurate and highly specific SVM-based classifier that can be 

applied to any set of proteins to find out whether a protein can be found in urine. This approach 

was found to be extremely effective and helpful in narrowing down the list of proteins to 

examine for potential biomarker. By doing so, not only the whole profiling methodology is 

evaded, but also low abundant proteins, ordinarily masked by profiling methodology, can be 

examined as well. As a result, we found a highly reproducible potential gastric cancer biomarker, 

the endothelial lipase. This study led to a follow-up study where the efficacy of EL as a 

biomarker is now being tested on hundreds of patients. 
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We applied the same methodology to characterize excreted miRNAs. It allowed us to 

identify the potentially excreted miRNAs that have not been experimentally found yet. While 

there is a room for an improvement, this study unveiled some of the properties of miRNAs that 

may play a pivotal role in allowing the miRNA to get excreted. 

Another study that we carried out was a whole-genome comparative study in gastric 

cancer. It is widely popular to sequence the gastric cancer tissue and compare it to its 

corresponding healthy tissues. Various aspects of genomic changes can be examined: single 

nucleotide variants, insertions/deletions, genomic rearrangements, copy number variants, 

translocations, etc. The single nucleotide variants are examined between the groups of gastric 

cancer vs healthy tissues. The results from this study can be found in Appendix A.  

In Appendix A, mutation analysis of gastric cancer genome is discussed. The general 

pattern is observed across all samples; gastric cancer tissues have more deleterious mutations 

compared to its corresponding healthy tissue. For example, there are two different categories of 

mutations: synonymous mutation and nonsynonymous mutation. Synonymous mutation 

encodes for the same protein, thus the protein which is encoded by the gene is not affected. It 

still produces the fully functional protein. In contrast, nonsynonymous mutations can have wide 

ranges of effect, from benign to detrimental effect. We observe that within the healthy cells, the 

synonymous to nonsynonymous ratio is higher than the gastric cancer cells. When we delve into 

different types of nonsynonymous mutations, we see the same behavior in healthy cells; healthy 

cells have higher percentage of missense mutation as opposed to the nonsense or frame-shift 

mutations, which can results in deleterious mutation. Through comparative studies, we can 

observe the general pattern of behavior in gastric cancer. 

Lastly, we used transcriptomics data to carry out two types of studies. First, we used it 

to examine the transcriptional behavior of co-localized regions. Second we utilize the 
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transcriptomics data in various types of cancer to examine the apoptosis pathways; specifically 

in aim to understand how apoptosis pathways are suppressed in cancer (Appendix B). 

The result of analyzing the transcriptomics data in interaction sites strongly 

corroborates the hypothesis of transcription-driven co-localization. There is a strong correlation 

and evidence that interaction sites are spatially co-localized from distal sites by a driving force. It 

is unambiguous and unequivocal that the data suggests a non-random behavior in co-localized 

regions. The experimental validation should corroborate the findings. 

In Appendix C, the results from the protein arrays, which were used to validate the 

excretory proteins in biomarker study, is discussed. The seven samples of gastric cancer urine 

samples and normal healthy samples were used in validation study. We show differentially 

expressed proteins that were found in the two groups that were not included in the published 

work.  

As presented here, the bioinformatics approaches can be used to study various types of 

biological problem. A machine-learning, data mining based approach can be used to make 

biological predictions, which leads to a better understanding and characterization of the set 

being used. Transcriptomics provide insights to the gene expression at a given condition. Thus, 

when layered with different datasets derived from the same condition, it can provide even 

profound details into the biological significance. It is expected that the whole genome 

comparative studies will become even more common than now as the sequencing technologies 

advance to sequence the whole genome at even a lower cost. With –omics field expanding as 

ever, we highly anticipate that this will lead to a better understanding of cancer.  
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APPENDIX A 

SINGLE NUCLEOTIDE VARIANT ANALYSIS FROM GENOMIC DATA 

In this Appendix, the methods to approach mutational analysis are shown. Thanks to the 

advancements in genome sequencing technologies, it is now feasible to sequence a whole 

human genome at a reasonable cost. The cost to sequence human genome has come a long way, 

marking an initial cost at 3 billion dollars from the Human Genome Project at the National 

Human Genome Research Institution to under $5,000 in current market.  It is incredible that the 

cost to sequence 1 base has dropped exponentially over the past decade [107]. 

Due to a low cost in sequencing genomes, an approach to cancer study has been to 

sequence the whole genome of the cancer genome and compare it to the normal human 

genome. By using a comparative approach, it is possible to discover the genetic changes that 

may drive the cancer development and progression. The first cancer genome studies were 

successful at providing insights to genetic changes such as single nucleotide variants, copy 

number changes, and translocations [3,4]. Currently there is a massive collaboration effort in 

sequencing various cancer genomes, termed The Cancer Genome Atlas initiated by the National 

Health Institute.  

The goal of TCGA is to sequence more than 20 cancer type genomes to comprehensively 

characterize the genomic changes occurring in each type of cancer [108]. The information that 

may be available from such collective effort to understand cancer at a genome-wide level has 

been sparked all around the world. 

In a standard genome sequencing protocol, the reads produced from the sequencing 

machines are mapped to the human reference genome.  Different platforms of sequencing 
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machines, such as 454 (Roche Corp), illumina (Illumina Inc), and SOLiD (Life Technology), have 

different pipelines and software to systematically retrieve the critical information from the DNA 

sequence. 

In an attempt to understand the genomic changes occurring in gastric cancer patients, a 

single point mutational analysis was performed on five pairs of gastric cancer genome vs its 

corresponding healthy genome. The five samples were from different stages of gastric cancer, 

from the beginning stage to the progressively well advanced metastasized stage. The single 

point mutations are examined in a comparative manner. 

Single Nucleotide Variants Examined 

A mutation occurring at a single point can be either synonymous or nonsynonymous 

mutation.  Synonymous mutation refers to mutations that do not change the nucleic acids. Thus 

when it is translated, the protein sequence is not affected.  For example, nucleic acid Glycine 

can be encoded by four different tri-nucleotides; GGU, GGC, GGA, GGG. If a sequence containing 

GGU undergoes a mutational change at the 3rd nucleotide place and becomes GGC, the resulting 

nucleic acid is the same even if the sequence has a mutation at a DNA level. When this occurs, it 

is referred to as a synonymous mutation. 

Unlike the synonymous mutation, nonsynonymous mutation results in a sequence 

change at a protein level. If the same aforementioned nucleotide was mutated at the first 

position with a nucleotide Adenine, the resulting DNA sequence will be AGU. When this is 

transcribed and translated into a protein, the protein sequence is not changed from Glycine to 

Serine. This may have an undesired effect on the protein. 

To examine how much of single point mutational changes are synonymous and 

nonsynonymous, we counted the total number of synonymous and nonsynonymous mutations 
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in each sample. Table 1 summarizes the total number of mutations for each sample in each 

category. 

It is evident that the number of nonsynonymous mutations is relatively smaller than the 

synonymous mutations. Due to its potential detrimental effect, a nonsynonymous mutation may 

be more aggressively repaired by the cell’s innate repair system versus the synonymous 

mutations. 

 

Sample Synonymous Synoymous% Nonsynonymous Nonsynonymous

% 

1N 20563 0.532830638 18029 0.467169362 

1T 20260 0.529756302 17984 0.470243698 

2N 20857 0.53229717 18326 0.46770283 

2T 20656 0.526026281 18612 0.473973719 

3N 20856 0.536654401 18007 0.463345599 

3T 20106 0.532778632 17632 0.467221368 

4N 20933 0.532998931 18341 0.467001069 

4T 20474 0.532289933 17990 0.467710067 

5N 20902 0.536636714 18048 0.463363286 

5T 20872 0.535303019 18119 0.464696981 

 

When comparing the groups of normal vs the tumor genomes, the difference in 

mutation ratio is easily observed. The mutation is calculated by the below equation, where NSYN= 

Figure AA.1. The synonymous and nonsynonymous mutation count and percentage of five 

gastric cancer genomes and its corresponding healthy genome (N: normal; T: gastric cancer 

tumor) 
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number of synonymous mutations, NNON= number of nonsynonymous mutations, and NTOTAL= 

number of total mutations. 

                             
            

           
 , (Equation 1) 

The ratio calculated for each sample is graphed on Figure AA.1. The higher synonymous 

to nonsynonymous ratio is observed for all five cases. The probability that this observation is 

P(all five cases having higher ratio for gastric cancer)=(0.5)5=  0.03125. This implies the higher 

occurrence of relatively higher nonsynonymous mutations in cancer samples are not due to a 

random chance. Considering that cancer genomes undergo significant, it is not surprising to find 

higher rate of nonsynonymous mutations in cancer [109]. 

To understand the type of nonsynonymous mutations occurring in gastric cancer 

samples, we examined the categories of nonsynonymous mutations: missense, nonsense, 

frameshift. Missense mutations are mutations that results in a different protein sequence. 

Nonsense mutations are mutation that results in one of three stop codons: UAA, UAG, UGA 

[110].  Frameshift mutations are results of a single nucleotide insertions or deletions. An 

inserted or a deleted codon (indels) results in a shift in reading frames. The product of indels is a 

protein that may be drastically different in sequence from the original sequence. 
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Unlike the missense mutations, the nonsense and frameshift mutations can have a 

detrimental effect on a cell.  While missense mutations affect only one nucleic acid, a nonsense 

mutation can result in a non-function protein.  When a stop codon is introduced in the 

beginning of the protein, the resulting translated product will be nonfunctional. For example, a 

gene TP53 plays an important role in proofreading the DNA as well as regulating cell 

proliferation and apoptosis. A nonsense mutation in  TP53 may lead to a development of cancer 

[111]. As mentioned before, a frameshift also can cause a significant change to a protein. For 

example, frameshift mutations in caspase-5 were found to play a role in nonpolyposis colorectal 

cancers, gastrointestinal and endometrial tumors [112]. 

Each type of nonsynonymous mutation is examined. The values are calculated by the 

percentage for each type of mutations (Eqn2) and are graphed. 

           
    

      
, (Equation 2) 
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Figure AA.1. The ratio of synonymous/nonsynonymous mutation of five gastric cancer 

genomes and its corresponding healthy genome (N: normal; T: gastric cancer tumor) 
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In Figure AA.2A, percentage of missense mutations in normal groups compared to the 

gastric cancer groups are higher. However, it’s the reverse case for the percentage of frameshift 

mutations and nonsense mutations. Figure AA.2B-C shows that all cancer genomes have higher 

percentage mutations in both frameshift and nonsense categories. This indicates that while the 

number of overall mutations occurring are comparable or exhibiting no specific trend in the 

groups of samples, as shown in Figure AA.3, the rate of deleterious mutations in cancer 

genomes are consistently higher. These deleterious mutations in cancer may be the 

characteristics of cancer genomes and may be contributing to the development of cancers. From 

this study, it is evident that the gastric cancer genomes are signature by higher percentage of 

deleterious mutations. 
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Figure AA.2. The percentage of different types of nonsynonymous mutations. A: 

Percentages of missense mutation occurrence. B: Percentages of frameshift mutations. 

C: Percentages of nonsense mutations. (N: normal; T: gastric cancer tumor) 
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Another analysis that was carried out was the mutation density analysis. Based on the 

number of mutations in a given window, a mutation density can be calculated in fixed sized 

windows throughout the whole genome.  This was to examine whether gastric cancer genome 

exhibits an unusually high mutated regions. We used a window size of 1,000 kb. For every 

window, the number of mutations occurring in that region was counted. This was calculated for 

all chromosomes. Figure AA.4 shows the density graph. 

17000

17200

17400

17600

17800

18000

18200

18400

18600

18800

N T

NONSYNONYMOUS MUTATION 
COUNT 

1N-1T

2N-2T

3N-3T

4N-4T

5N-5T

Figure AA.3. The total count of mutations in samples (N: normal; T: gastric cancer 



126 
 

 

 

From Figure AA.4, most windows have mutation count from 0-10. While there seems to 

be variations from the graph between the counts 1-10, a further examination shows no discrete 

difference between the tumor and normal samples. 
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Figure AA.4. Mutation density graph. X axis shows the number of mutations that was 
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No distinct pattern was observed in the mutation density. The mutation count ranged 

from 0-117. We examined whether the highest containing regions were only discernible in 

gastric cancer genome. However, they were randomly distributed between all samples. Thus we 

observed no evidence in the difference of mutation density. 

Next, we examined the mutated genes in tumor samples. A gene can be mutated by a 

chance, but if it is consistently mutated across tumor samples, it may contribute to the cancer 

progression. We filtered out to find the tumor-specific mutated genes that are mutated across 

all tumor samples. There were 54 such genes (Table AA.2). 
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Figure AA.5. Mutation density graph for counts 2-4.44. X-axis: each sample; Y-axis: 

number of windows that have mutation count range of 2-4.44.(N: normal; T: gastric 

cancer tumor) 

Table AA.2. Names of genes that are mutated 

in all five gastric cancer genomes 



128 
 

C14orf73 OR4C3 LAMA5 

C16orf68 OR8U1 LOC100129307 

CDC27 OR9G1 LOC100129979 

CLCNKB PDE4DIP LOC100288568 

CTBP2 PDHX LOC100505879 

EIF3CL PKD1L2 LOC100506072 

EPPK1 PLIN4 LOC100506287 

FAM38A PRIM2 LOC100507545 

FCGBP RP1L1 LRRC56 

FLG SCARF1 MRPS34 

GOLGA6L2 SIK1 MUC12 

HAS1 TAS2R46 MUC3A 

HLA-A TPTE MUC4 

HLA-B TRIOBP MUC6 

HLA-C TYSND1 MYO15A 

HLA-DQA1 ZFHX4 NEFH 

HLA-DQB1 ZNF469 NISCH 

HLA-DRB1 ZNF517 OBSCN 

IFNA17 ZNF595 OR2C1 

ISCU ZNF676  

JRK ZNF717  

 

To better understand the role of these genes, the enrichment analyses were carried out. 

The functional and pathway enrichment was performed using DAVID database using human 
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genes as the background [113,114,115].   The enriched pathways and functions are determined 

by the p-values, and the p-values of less than 1x10E-5 are considered enriched. 

The enrichment analysis shows that some of these genes are implicated in other 

diseases. As shown in Fig AA.6.A and B, the most enriched genes are associated with 

autoimmune thyroid disease and allograft rejection disease. Immune system plays an important 

role in both diseases, thus these genes may be linked to the immune response [116,117]. 

Immune response in cancer also plays an important role. An alteration in immune response can 

cause prolonged immune response where it creates a favorable environment to cancer 

development [118]. These genes that were found to be consistently mutated in tumor samples 

may be involved in an immune response activity where the loss of function contributes to the 

enhanced environment for the cancer development. 
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B 

 

 

Another characteristic that is observed in the enrichment analysis is genes involved in 

cell adhesion pathway. Cell adhesion is an important factor in maintaining the cell order in 

tissues. When a cancer cell develops, the reduced cell adhesiveness allows a cancer cell to 

escape and metastasize at other sites of the body [119]. It is one of the factors that characterize 

the cancer cells. 
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Figure AA.6. Pathway and Functional Enrichment Analysis for the 54 genes that were 

tumor specifically mutated in five gastric cancer genomes. A: Pathway enrichment 
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Conclusion 

Using a comparative approach, insightful information was extracted using 

bioinformatics approach.  By examining the mutations at the nucleotide level, different 

mutation types were analyzed. The results show that the gastric cancer genomes have higher 

rate of nonsynonymous mutations, as well as higher rate of lethal types of nonsynonymous 

mutations, such as nonsense and frameshift as opposed to the missense mutations. We were 

able to find 54 genes that were repeatedly mutated in gastric cancer samples. The follow up 

analysis for these genes show that these genes are associated with inflammation and/or 

adhesions, which are both critical factors in development of cancer 
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APPENDIX B 

ANALYSIS OF APOPTOSIS PATHWAY USING TRANSCRIPTOMICS DATA 

Cancer cells are characterized by several traits. Six characteristics of cancer has been 

termed as the hallmarks of cancer: ability to proliferate; evade growth suppressors; immune to 

cell death; ability to replicate; angiogenesis; invasion and metastasis[1]. Apoptosis play a crucial 

role in developments of cancer cells. In normal cells, there exists an intricate and complicated 

network to monitor a cell from acting abnormal. Thus, when a rate of proliferation goes up, the 

rate of cell death correlates [120] . 

The understanding of exact mechanism in which a cell is able to suppress the apoptosis 

pathway is limited. To address this question, we wanted to examine whether there is a specific 

type of apoptotic pathway that is suppressed in cancers. The cell death can be induced as a 

result of intracellular, extracellular, or immune-response activated pathways. We collected the 

list of genes from three different pathways and examined the expression across various types of 

cancer. Table AB.1 shows the list of apoptotic genes examined. 

Table AB.1. List of apoptotic genes and their category 

Gene Name Pathway 

CASP8 Extrinsic 

TNFRSF1A Extrinsic 

TRADD Extrinsic 

FADD Extrinsic 

TRAF2 Extrinsic 
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TNFRSF10B Extrinsic 

TNFRSF10A Extrinsic 

TNFRSF21 Extrinsic 

RIPK1 Extrinsic 

CASP2 Extrinsic 

CASP10 Extrinsic 

CRADD Extrinsic 

LTBR Extrinsic 

TRAF3 Extrinsic 

NGFR Extrinsic 

NGFRAP1 Extrinsic 

CD70 Extrinsic 

CD27 Extrinsic 

TNFSF18 Extrinsic 

TNFSRF25 Extrinsic 

FAF1 Extrinsic 

FLASH Extrinsic 

DAXX Extrinsic 

PTPN13 Extrinsic 

RIPK1 Extrinsic 

BCL10 Intrinsic 

BAX Intrinsic 

BAK1 Intrinsic 
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BAD Intrinsic 

BCL2L11 Intrinsic 

BIK Intrinsic 

BLK Intrinsic 

CYCS Intrinsic 

APAF1 Intrinsic 

CASP9 Intrinsic 

GZMB Immune Response 

CASP1 Immune Response 

CASP4 Immune Response 

CASP5 Immune Response 

 

To characterize a distinctive behavior in cancer, the The Cancer Genome Atlas 

transcriptomics data was collected and examined. The following cancer types were examined: 

breast invasive carcinoma; colon adenocarcinoma; kidney renal clear cell carcinoma; kidney 

renal papillary cell carcinoma; brain lower grade glioma; lung adenocarcinoma; lung squamous 

cell carcinoma; ovarian serous cystadenocarcinoma; rectum adenocarcinoma; uterine corpus 

endometrioid carcinoma. 

The average expression level for all samples in each category was calculated and 

graphed (Fig AB. 1). When the list of genes is examined by individually by the type of cancer, the 

genes that are suppressed or overexpressed are discerned. It is notable that the inflammation 

induced apoptosis pathway is overexpressed, whereas the intrinsic pathway is suppressed. 
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Figure AB. 1. The mean value for each apoptosis genes across various types of cancer 
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D 

 

E 

 

Figure AB.2. The Log2 fold change of genes which are involved in cell death. From A-E: 

Kidney renal clear cell carcinoma, Kidney renal papillary cell carcinoma; Colon adenocarcinoma; 

Breast invasive carcinoma; Lung adenocarcinoma. The immune response genes are induced 

across the cancers (the last four genes). 
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The individual observation in cancer shows that the cancers suppress the intrinsic 

pathways while the immune response apoptotic pathways are induced. This implies that cancer 

cells have lost their ability to induce their own cell death. Most of the genes that are involved in 

intrinsic apoptotic pathways are consistently repressed. This could be contributed by several 

reasons; the cancer cells may have acquired mutations in these genes, epigenetic changes could 

suppress the expression of these genes, or the post-transcriptional regulation due to miRNAs. 

Next, stress-response genes are examined in respect to the apoptosis genes. Due to 

many unknown functions of proteins and the diverse involvement and role that it may have, we 

examined to distinguish which genes are highly correlated with the apoptotic genes. Moreover, 

we attempt to identify new genes that may be implicated in cell death. In total, the expression 

levels of 2168 genes were examined. 

We did not find any consistent pattern that was common across all types of cancers. 

However, a set of genes were strongly correlated (with a correlation coefficient value > 0.9) with 

the extrinsic apoptotic pathways in rectum adenocarcinoma. Table AB.2 shows the correlation 

values for genes that were found to be strongly correlated. 

Table AB2. Highly correlated genes in rectum adenocarcinoma. The table shows that the 

genes that were found to be highly correlated with apoptosis genes are specific to the rectum 

adenocarcinoma. 
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The set of genes that were highly correlated with apoptosis genes in rectum 

adenocarcinomna were RAD18, BAG1, SLC12A6, FTH1, TRIO, ILK, MYB, ITGB1, CIDEA, ZNF3, 

LRRC8D. Some of these genes have unknown function and are not known to be involved in 

apoptotic pathway. It would be an interest to find out how these genes are related to and 

possibly contribute to cell death. 

Next, we examined the expression of genes in respect to TP53 expression. A tumor 

suppressor gene, TP53, has been repeatedly found to be mutated in various types of cancer 

[121,122,123,124]. It is involved in the DNA check point and regulation of apoptosis by its 

association with Bcl-2 [125,126,127]. The expression of TP53 was examined in each cancer 

(Table AB.3). 

Table AB.3. The number of samples according to the TP53 expression. BRCA: breast 

invasive carcinoma; COAD: colon adenocarcinoma; KIRC: kidney renal clear cell carcinoma; KIRP: 

kidney renal papillary cell carcinoma; LGG: brain lower grade glioma; LUAD: lung 

adenocarcinoma; LUSC: lung squamous cell carcinoma; OV: ovarian serous cystadenocarcinoma; 

READ: rectum adenocarcinoma; UCEC: uterine corpus endometrioid carcinoma   

Cancer Type Number of 

Samples with 

overexpression of TP53 

Number of samples 

with repressed expression of 

TP53 
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BRCA 605 2 

COAD 76 105 

GBM 1115 38 

KIRC 2 72 

KIRP 0 16 

LGG 5 22 

LUAD 0 35 

LUSC 295 0 

OV 1210 1 

READ 34 44 

 

BRCA, GBM, LUSC, and OV cancers had induced expression of TP53, whereas KIRC, KIRP, 

LGG, and LUAD had decreased level of TP53 activity. We further examined READ and COAD 

cancers where the samples were either induced or repressed in TP53 expression level. The TP53 

were examined to see whether there exists a correlation with the set of apoptosis genes, and to 

elucidate which apoptotic genes it directly regulates.   

Interestingly, no correlation between apoptotic genes and TP53 were observed in COAD 

as shown in Figure AB.3. However, expression correlations are observed in READ for genes 

TNFRS10A, LTBR, and BLK, which are all involved in extrinsic apoptotic pathways (Figure AB.4). 

This finding may indicate that P53 could potentially influence the expression level of apoptotic 

genes in READ in indirect way. The future direction of this study is to perform in-depth analysis 

to characterize the function of eleven genes (RAD18, BAG1, SLC12A6, FTH1, TRIO, ILK, MYB, 

ITGB1, CIDEA, ZNF3, LRRC8D), which were highly correlated with extrinsic apoptotic genes, in 

cell death.     
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A B 

C D 

F G 

Figure AB. 3. Scatter plot of apoptosis genes vs TP53. The x-axis is the 

expression level of apoptotic genes and the y-axis is expression level of 

TP53. Red: Samples that show overexpressed TP53; Green: Samples 

that show repressed TP53. 
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A 

B 

C 

Figure AB. 4. Scatter plot of apoptosis genes vs TP53 that shows 

correlated expression values. The x-axis is the expression level of 

apoptotic genes and the y-axis is expression level of TP53. Red: 

Samples that show overexpressed TP53; Green: Samples that show 

repressed TP53. 
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Appendix C 

Protein Array 

 Protein array was used to validate the prediction of excretory proteins. RayBio Human G 

series Array 4000 (Raybiotech, Norcross, GA) was used to validate the excretory status of 163 

proteins. The total of fourteen samples was tested to ensure the quality of the validation; seven 

were from the gastric cancer patients and seven were from normal healthy people. The classifier 

predicted that out of 163 proteins, 112 were excreted. Of the 112 proteins, 92 were 

experimentally validated using protein array (Fig AC. 1). 
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Figure AC. 1. Antibody mediated protein array for excretion validation. N1, N2, N3: Normal 

Samples; SC1, SC5, SC11: Gastric cancer patient samples. The data for three pairs of samples are 

shown. 

 Raw intensity values were normalized across the samples (not shown). As the validation 

work was performed on seven gastric cancer samples and seven normal samples, differentially 

expressed proteins were observed that were not mentioned in the published work. Figure AC.2 

shows the differentially expressed proteins found in urine in validation study. 
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Figure AC.2. Differentially expressed proteins found in validation study. First seven samples are 

from healthy people (N1, N2, F2, N46, N21, F4, F5) and the last seven samples are from gastric 

cancer patients (SC1, SC5, SC11, C5, C7, C32, C27).  
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