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Abstract With the technology development on detecting circulating tumor cells (CTCs) and cell-

free DNAs (cfDNAs) in blood, serum, and plasma, non-invasive diagnosis of cancer becomes

promising. A few studies reported good correlations between signals from tumor tissues and CTCs

or cfDNAs, making it possible to detect cancers using CTCs and cfDNAs. However, the detection

cannot tell which cancer types the person has. To meet these challenges, we developed an algorithm,

eTumorType, to identify cancer types based on copy number variations (CNVs) of the cancer found-

ing clone. eTumorType integrates cancer hallmark concepts and a few computational techniques

such as stochastic gradient boosting, voting, centroid, and leading patterns. eTumorType has been

trained and validated on a large dataset including 18 common cancer types and 5327 tumor

samples. eTumorType produced high accuracies (0.86–0.96) and high recall rates (0.79–0.92) for pre-

dicting colon, brain, prostate, and kidney cancers. In addition, relatively high accuracies (0.78–0.92)

and recall rates (0.58–0.95) have also been achieved for predicting ovarian, breast

* Corresponding author.

E-mail: edwin.wang@ucalgary.ca (Wang E).
a ORCID: 0000-0002-4309-0961.
b ORCID: 0000-0001-8689-5295.

Peer review under responsibility of Beijing Institute of Genomics, Chinese Academy of Sciences and Genetics Society of China.

Genomics Proteomics Bioinformatics 15 (2017) 130–140

HO ST E D  BY

Genomics Proteomics Bioinformatics

www.elsevier.com/locate/gpb
www.sciencedirect.com

http://dx.doi.org/10.1016/j.gpb.2017.01.004
1672-0229 � 2017 The Authors. Production and hosting by Elsevier B.V. on behalf of Beijing Institute of Genomics, Chinese Academy of Sciences and
Genetics Society of China.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

http://crossmark.crossref.org/dialog/?doi=10.1016/j.gpb.2017.01.004&domain=pdf
mailto:edwin.wang@ucalgary.ca
http://dx.doi.org/10.1016/j.gpb.2017.01.004
http://www.sciencedirect.com
http://dx.doi.org/10.1016/j.gpb.2017.01.004
http://creativecommons.org/licenses/by/4.0/


luminal, lung, endometrial, stomach, head and neck, leukemia, and skin cancers. These results sug-

gest that eTumorType could be used for non-invasive diagnosis to determine cancer types based on

CNVs of CTCs and cfDNAs.

Introduction

Non-invasive detection of cancer is becoming possible with the

development of technologies on capturing circulating tumor

cells (CTCs) and cell-free DNAs (cfDNAs) in blood, serum,

and plasma [1–3]. However, it is still challenging to get accu-

rate abnormal signals on cancer genomes, as CTCs and

cfDNAs are rare in blood samples. For example, there are

about 1–100 CTC(s) per 109 blood cells [4], resulting in the

generation of false negatives, false positives, or biased signals

due to the amplification procedure [5,6]. Moreover, hundreds

of depths of a cancer genome are usually needed to achieve

good accuracy and coverage for mutation calling [7], causing

difficulty in getting a large amount of data for early-stage

patients which would need even more sequencing depth to cap-

ture signals reliably. Thus, copy number variation (CNV)

attracts more attention, because CNV signals could be

detected with relatively low-depth sequencing of samples. Fur-

thermore, CNV detection has a low burden in cost because

CNVs usually involve a segment of chromosomes with rela-

tively strong intensity, especially for amplification [2]. There-

fore, it is very promising to diagnose and detect cancer at

early stages based on CNVs. Technologies for CTC cell cap-

ture is being developed. We could easily detect and capture

CTCs in blood samples even for people without diagnosis of

cancer, but might not determine cancer types just based on

CTC cell biology, because CTCs are usually identified insensi-

tively by isolating non-blood cells and epithelial cells for solid

cancers. Cancer type could be potentially determined based on

the genomic information of the CTCs, which would help the

clinicians to decide the proper organs of cancer patients for

further check. Therefore, we developed a novel algorithm,

eTumorType, to determine cancer types based on the CNVs

of tumors, which could be applied on the data of CTCs.

It is well known that there are multiple clones within a

tumor, including a founding clone and several sub-clones

[8,9]. The founding clone is the most recent founder cancer cell

of a tumor. All the genomic changes such as somatic mutations

and CNVs that occur in the founding clone will be carried on

in all the cancer cells of that tumor. Thus, CNVs of a founding

clone will be found in CTCs as well. Therefore, the analysis

based on the CNVs of cancer founding clone would reflect

the result on CTC genomic data. Thus, eTumorType is

designed to model the CNVs in cancer founding clones. As a

popular tool for evaluating the purity and ploidy of tumor

cells, ABSOLUTE identifies somatic CNV segments belonging

to the founding clone and sub-clones as well using CNVs [10].

Furthermore, a primary feature of cancer is proliferation of

cancer cells, involving a multitude of highly-regulated oncoge-

nes, to which genomic amplification contributes greatly [11].

Moreover, the genomic amplification is more likely to be

detected than deletion as genes only have two copies to lose

whereas could reach 4.4 copies and more by amplification

[12]. Apparently, amplification signals would be easier and

more accurately identified. Therefore eTumorType will focus

on modeling of the genomic amplifications.

Robustness is always the most important consideration in

developing algorithms. To deal with this issue, methods based

on the stochastic mechanisms have been developed. For exam-

ple, multiple survival screening (MSS) has been developed to

achieve robustness by screening random gene sets and random

datasets and then selecting genes with higher probability of

contributing to robustness. In cancer samples, these genes

are often cancer hallmark-associated genes [13,14]. However,

MSS has been proposed and validated using gene expression

data with continuous values. Random forest (RF) is a popular

ensemble method of constructing decision trees using boot-

strap samples and random features, and then classifying with

a strategy based on these trees [15]. ada is also an ensemble

method, which integrates the stochastic gradient boosting with

a stochastic mechanism and refinement on the training set in

each boosting step, thus able to generate the ensemble at a

higher speed [16]. Both RF and ada are suitable to analyze

continuous data and discrete values.

In this study, we developed a computational algorithm,

eTumorType, by modeling CNVs in the founding clone (i.e.,

genomic amplifications) of the cancer hallmark-associated genes

(i.e., one of the key factors for reaching robustness inMSS) using

ada, considering that CNVs are often presented as discrete val-

ues and ada shows advantage in speed using the stochastic gra-

dient boosting procedure. Furthermore, we also applied a

combinatory signature set approach in eTumorType [13,14].

Multiple cancer hallmark-derived models were employed and

the centroid of the number of them supporting each cancer type

prediction was generated and then used for predicting cancer

types for a given sample based on the correlation coefficient

between them. Finally, a leading pattern-weighted correlation

method was developed in the eTumorType. eTumorType was

validated using 2133 (40% of 5327) samples, indicating that it

is able to successfully discriminate 14 out of 18 common cancer

types with high accuracy and power (recall rate). We hope that

this tool could be used for cancer diagnosis based on the CNVs

of captured CTCs or cfDNAs in blood samples in the future.

Method

SNP data

SNP 6.0 microarray data of tumors for 18 cancer types were

collected from The Cancer Genome Atlas (TCGA) database

(Table 1). Given their genetic differences, the luminal and basal

subtypes of breast cancer were treated as different cancer

types. On the other hand, colon and rectum cancers were inte-

grated together as one cancer type, since they have similar

genomic profiles [12].

Detection of somatic CNVs

The segmentation files annotated based on the reference genome

of hg19 were downloaded from TCGA. These files were used as

inputs to the GISTIC 2.0 [17] in the GenePattern online platform
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[18]. The output of the software is a gene-based GISTIC score

profile, which was used to evaluate the copy number changes

for genes. A gene is defined as amplified with the GISTIC score

>0.3, [19]; otherwise, this gene is defined as a non-amplified.

We used 1 and 0 to represent amplified and non-amplified,

respectively, for genes in the CNV profile of each sample.

Identification of somatic founding clone CNVs

ABSOLUTE is used to identify aberrational chromosome seg-

ments involved in the founding clone or sub-clones in the tumor

tissues [10]. Of note, because ABSOLUTE may fail to detect

CNVs in some samples due to the poor quality of data, we only

retained the samples which have CNV profiles generated by

ABSOLUTE. The CNV profiles were filtered by the output

from ABSOLUTE to generate the somatic founding clone

amplification profiles, which were used for the subsequent anal-

ysis. The dataset was randomly split into three subsets with pro-

portions as 60%, 20%, and 20% for the training set, the

validation set, and the test sets, respectively. The cancer types

and the corresponding sample sizes are summarized in Table 1.

The eTumorType algorithm

There are three layers in the eTumorType algorithm (Figure 1):

(1) building cancer-pair-wise gene ontology (GO) ada models

(GO-ada models) based on 12 cancer hallmark-associated

GO terms, each of which contains a set of discriminating

amplified cancer hallmark-associated genes; (2) voting cancer

type of either one or another using the GO-ada models, getting

the centroid of the number of GO-ada models voting for each

cancer type prediction, and then making a centroid-based cor-

relation prediction; and (3) finally, making a leading pattern-

weighted correlation prediction.

Constructing pair-wise cancer hallmark-based ada models

The cancer hallmark-associated genes were collected based on

GO annotations of genes for cancer hallmarks [20–22]. In this

study, six cancer hallmarks were selected: apoptosis, cell adhe-

sion, cell cycle, cell proliferation, phosphorylation, and

immune response.

Significant differentially amplified genes (DAGs) between

any two cancer types were identified using fuzzy analysis clus-

tering with R package on the training set. For a given pair of

cancer types, the DAGs of each selected cancer hallmark were

used to construct ada predictive models for discriminating can-

cer types. Considering the effect of sample size on the statisti-

cal significance and the expectation of sufficient DAGs, a

composite approach was employed: (1) if the sample sizes of

both cancer types are smaller than 200, a loose P value of

0.01 based on Fisher’s exact test was set for statistical signifi-

cance; (2) if the sample size of one cancer type is smaller than

200, but that of the other cancer type is larger than 200, the P

value threshold was set to 0.005; (3) if the sample sizes of both

cancer types are larger than 200, the P value cut-off was set to

0.001. Here the number of 200 was chosen considering the

sample size distribution of the training sets for the 18 cancer

types examined. For the eleven, three, and four cancer types,

each contains >200, <100, and 100–200 samples, respectively.

The DAGs were grouped based on cancer hallmarks they are

belonging to. If a gene belongs to multiple cancer hallmarks,

it was assigned to multiple gene groups. The selected genes

annotated in the six cancer-hallmark GO terms were retained

for the subsequent analysis. For each GO term, we ranked

its genes based on the product of amplification degree and

amplification difference between two cancer types (i.e., gene

A ranks higher than gene B if the score of A is higher than that

of B). The top-30 and top-100 genes were tried for constructing

models that classify the two cancer types using the ada R pack-

age [16]; the models are denoted as GO-ada models. We

reported the results using the top-100 genes in this manuscript.

Finally, 12 ada models were constructed for discriminating

each pair of cancer types.

A centroid-based correlation prediction

This part contains voting cancer types of either one or another

using GO-ada models, and getting the centroid of the number

Table 1 Cancer types and sample sizes in the somatic founding clone CNV profile

Cancer Abbreviation No. of samples

Ovarian serous cystadenocarcinoma OV 538

Breast invasive carcinoma (luminal subtype) LUMINAL 531

Colon adenocarcinoma/rectum adenocarcinoma COAD/READ 513

Glioblastoma multiforme GBM 467

Kidney renal clear cell carcinoma KIRC 415

Lung squamous cell carcinoma LUSC 403

Uterine corpus endometrial carcinoma UCEC 401

Lung adenocarcinoma LUAD 395

Head and neck squamous cell carcinoma HNSC 335

Brain lower grade glioma LGG 244

Thyroid carcinoma THCA 203

Stomach adenocarcinoma STAD 177

Bladder urothelial carcinoma BLCA 151

Prostate adenocarcinoma PRAD 149

Cervical squamous cell carcinoma and endocervical adenocarcinoma CESC 149

Breast invasive carcinoma (basal subtype) BASAL 91

Skin cutaneous melanoma SKCM 83

Acute myeloid leukemia LAML 82

Note: CNV, copy number variation.
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of GO-ada models voting for each cancer type. The procedure

of building GO-ada models based on 12 GO terms produced

12 GO-ada models for each pair of cancer types, and thereby

12 � C2
18 models were created in total (Figure 1). For a given

sample, a prediction matrix (18 � 18) was generated by these

models, which is composed of the number of GO-ada models

predicting the sample as the cancer types listed in the rows.

For example, for the comparison between cancer type 1 and

cancer type 2, 10 of the 12 GO-ada models between them pre-

dicted the sample to be cancer type 1, while the other two mod-

els predicted it to be cancer type 2 (Figure 1). Then, a vector of

the average numbers of GO-ada models for all possible cancer

types was generated alongside the rows of the matrix. The

rankings of cancer types in the vector indicate their probability

that the cancer type a sample could be considered as. That is,

the higher average number of GO-ada models voting for a

Figure 1 Scheme of the eTumorType algorithm

Pair-wise GO-ada model: the CNV profiles (rows for genes and columns for samples) for cancer type 1 (cancer 1) and cancer type 2 (cancer

2) were used to select significant DAGs. DAGs associated with six cancer hallmarks as annotated with GO terms were retained and 12 GO

sets were selected (see Method) and input into ada R package to build GO-ada models. Average number of GO-ada models for a sample:

for a given sample, the numbers of GO-ada models favoring each cancer type prediction were constructed as a matrix based on all the

12 � C2
18 models and then the vector of average number of GO-ada models was created. Next, cancer-type centroid matrix was built by

collecting the centroid vector of average number of GO-ada models for all the 18 possible cancer types (the rows of the matrix) on each

cancer type (the column of the matrix) data of the training set. Centroid-based prediction: for a given new sample, the vector of the

average number of GO-ada models favoring each cancer type prediction was calculated and then used for evaluating its correlations with

the centroid vector of each cancer type (column of the cancer-type centroid matrix). The correlation coefficients were ranked and the 3 top-

ranked cancer types were selected as the final prediction. Leading pattern-weighted prediction: the same procedure as the centroid-based

prediction was performed except that the weighted correlation replaced the simple correlation (see Method). GO, Gene Ontology; CNV,

copy number variation; DAG, differentially-amplified gene.
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particular cancer type when compared with the other 17 cancer

types, the higher probability the cancer type being this partic-

ular cancer type. Next, a matrix was created by collecting the

vectors of all training samples belonging to a cancer type,

which is composed of 18 possible cancer types and samples.

Thereafter, a centroid vector for all possible cancer types on

the matrix was generated by calculating the centroid of average

number of GO-ada models for each row of the matrix using

the pamr R package (https://cran.r-project.org/web/pack-

ages/pamr/index.html). Finally, a cancer-type centroid matrix

was created by pooling the centroid vectors for all cancer types

together, which is 18 possible cancer types � 18 cancer types

included in the training set (Figure 1).

For the prediction of a new sample, the vector of average

number of GO-ada models voting for each possible cancer

type was firstly created based on the predictions using all mod-

els (the method is mentioned above). Secondly, the correlation

coefficient between it and the centroid for each cancer type (the

cancer-type centroid matrix) was calculated. Thirdly, the cor-

relation scores for all possible cancer types were ranked; a

higher ranking suggests a higher probability that the given

sample might belong to that cancer type (Figure 1). In this

study, a strategy of top-ranked candidate set was proposed

to improve the reliability of cancer type prediction. We took

1–3 top-ranked cancer types as a final prediction for the given

sample. For example, for a luminal breast cancer sample, if the

luminal breast cancer type was included in the top-3 cancer

types, we considered the prediction to be correct. The proce-

dure of evaluating accuracy and power (recall rate) was: (1)

if the true cancer type for a sample is included in the top-

ranked candidate set, the true cancer type was assigned to

the sample; if not, the top-1 cancer type would be taken; and

(2) the accuracy and power for each cancer type prediction

was calculated as # (true predictions)/ # (all predictions) and

# (true predictions)/ # (true cancer type samples).

Leading pattern-weighted correlation prediction

In the training set, the average number of GO-ada models vot-

ing for a cancer type is likely to be high for some of the cancer

types but low for some other cancer types (Figures 2; S1–S4).

For example, lung squamous cell carcinoma (LUSC) samples

got high average numbers of GO-ada model voting for ovarian

serous cystadenocarcinoma (OV), lung adenocarcinoma

(LUAD), head and neck squamous cell carcinoma (HNSC),

and LUSC itself, but very low votes for thyroid carcinoma

(THCA) and acute myeloid leukemia (LAML) (Figure 2).

We took this information to improve the prediction perfor-

mance. First, for each cancer type in the training set, a cluster-

ing analysis of all 18 cancer types was performed using the

cluster R package (pam function) based on the matrix com-

posed of the average numbers of GO-ada models voting for

each cancer type for all samples. The clustering analysis could

group the cancer types into clusters based on criterion of sim-

ilar average number of GO-based models. Then, the average

number of GO-ada models was estimated for each cluster.

Next, two clusters with the highest and lowest average num-

bers were taken as the most similar and the most dissimilar

cancer type groups, respectively. In order to limit the influence

of taking the similarity and dissimilarity among cancer types

for the prediction, the numbers of possible cancer types for

the two categories need to be controlled. For details, based

on the matrix mentioned above for each cancer type, we

screened a set of pre-defined 3, 4, 5, and more clusters for eval-

uating the sizes of the leading up-/bottom-clusters. Based on

the results, the maximum numbers of 5 and 3 for the leading

up-/bottom-clusters, respectively, were used in this study

(Table S1). We also observed that changing the sizes (maxi-

mum numbers) slightly to 4 and 2 did not change accuracy

and power much.

Next, the weighted correlation analysis was performed.

Briefly, a high (2, 3, 4, and 5) and low (0.1, 0.2, and 0.3)

weights were assigned to leading up-/bottom-patterns, respec-

tively; the weight of 1 was set for the other cancer types. The

setting of 3 for the leading up-patterns showed a relatively bet-

ter performance on accuracy and power in the validation set

(the final validation was done in the test set). For the leading

bottom-patterns, the performances for the various settings

were similar. The results reported in this study were based

on the weights of 3 and 0.1 for the leading up-patterns and

leading bottom-patterns, respectively. Finally, the correlation

scores were ranked and used for predicting cancer types.

Results

An overview of eTumorType

Eighteen common cancer types containing 5327 samples from

TCGA were included in this study (Table 1). CNVs of the

founding clones were generated using the SNP 6.0 data of

tumors and software tools including GISTIC 2.0 and ABSO-

LUTE (see Method). To properly construct and validate

eTumorType, we split the whole dataset into the training, val-

idation, and test sets, with the proportions of 60%, 20%, and

20%, respectively. To develop an algorithm (eTumorType)

that is able to predict cancer types based on CNVs of the

founding clones, we took a cancer hallmark approach, because

cancer hallmarks are able to capture the most important genes

that are closely related to cancer biology [23]. This approach

has been successfully used to identify high accurate and robust

gene expression-based biomarkers for breast and colon cancers

[13,14,19,24]. In addition, we focused on the modeling of

CNVs of tumor founding clones in eTumorType.

As shown in Figure 1, we used cancer hallmark-associated

GO terms composed of discriminating amplified genes to con-

struct predictive models that are able to discriminate a pair of

cancer types. Twelve GO terms were selected based on six can-

cer hallmarks (see Methods) to generate GO-ada models on

the training set for each pair of cancer types (Figure 1). For

a given sample, all the GO-ada models were used to vote which

cancer types that sample could belong to. Then, we counted

the number of votes for each cancer type (i.e., voting profile).

For a given cancer type, we averaged the voting numbers of

each cancer type for the voting profiles of all the samples of

that cancer type. We found that the average numbers of GO-

ada model voting for cancer types were very similar among

the training, validation, and test sets for each cancer type

(Figures 2; S1–S4). To show this stability, the centroid of the

average numbers of GO-ada model voting for each cancer type

across samples for a cancer type was evaluated for each possi-

ble cancer type and then compared among the three datasets

(see Methods). The results showed very similar centroid
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Figure 2 The average number of GO-ada models voting for possible cancer types for LUMINAL, LAML, LUSC, and HNSC datasets

The average numbers of GO-ada models voting for possible cancer types are shown by the boxplots. The box displays the range of 25th

percentile and 75th percentile. The circles represent the values lower than 10th percentile or greater than 90th percentile. The abbreviations

of cancers are explained in Table 1.
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patterns, for example, 16 out of 18 cancer types had high cor-

relation coefficients (>0.96), while LAML and skin cutaneous

melanoma (SKCM) got relatively lower correlations of 0.93

and 0.89 (Table 2). These results indicate that predicting cancer

types using founding clone CNVs of cancer hallmark-

associated genes performs stably across different sample pop-

ulations, and therefore contributes to robustness.

Predictions using eTumorType

We first conducted a centroid-based correlation prediction (see

Method) for the samples in the validation and test sets. A sam-

ple could be predicted to a set of cancer types (see Method).

When considering the top-1 cancer type alone, only five cancer

types were observed with accuracy of �0.80 in the validation

set, but none in the test set (Table 3). When considering the

3 top-ranked cancer types, the prediction accuracies were

improved greatly (Table 4). For example, the accuracy and

power (recall rate) for breast invasive carcinoma, luminal sub-

type (LUMINAL) samples were 0.81 and 0.55 for the valida-

tion set when choosing the top-1 cancer type (Table 3),

whereas they were respectively improved to 0.93 and 0.73 when

choosing the 1–3 top-ranked cancer types (Table 4). For stom-

ach adenocarcinoma (STAD) prediction, the accuracy and

power were dramatically improved from 0.62 and 0.51 to

0.81 and 0.63, respectively (Tables 3 and 4). These results sug-

gest that selecting the top-3 cancer type candidates would lead

to a more reliable diagnosis, and more importantly, consider-

ing multiple possibilities can also be beneficial to patients as

it is still able to guide examinations and would lead to detect

Table 2 Correlation coefficients of centroids among the training, validation, and test sets for various cancer types

Cancer Training vs. validation Training vs. test Validation vs. test Minimum

LUSC 1 1 1 1

LUMINAL 0.99 0.99 0.99 0.99

GBM 0.99 1 1 0.99

KIRC 1 0.99 0.99 0.99

LGG 0.99 0.99 1 0.99

OV 1 0.99 0.99 0.99

THCA 0.99 0.99 0.99 0.99

COAD/READ 0.99 0.99 0.98 0.98

HNSC 0.98 0.99 0.98 0.98

UCEC 0.99 0.98 0.99 0.98

CESC 0.97 0.97 0.99 0.97

LUAD 0.99 0.99 0.97 0.97

PRAD 0.97 0.98 0.97 0.97

BLCA 0.97 0.96 0.98 0.96

BASAL 0.96 0.96 0.98 0.96

STAD 0.96 0.97 0.97 0.96

LAML 0.97 0.93 0.97 0.93

SKCM 0.92 0.89 0.96 0.89

Note: The abbreviations of cancers are explained in Table 1.

Table 3 Accuracy and power of centroid-based cancer type prediction using top-1 selections

Cancer
Training set Validation set Test set

Accuracy Power Accuracy Power Accuracy Power

OV 0.76 0.76 0.82 0.89 0.72 0.72

LUMINAL 0.73 0.51 0.81 0.55 0.60 0.42

LUAD 0.66 0.56 0.75 0.68 0.65 0.42

LUSC 0.59 0.82 0.67 0.91 0.51 0.73

COAD/READ 0.79 0.59 0.89 0.70 0.66 0.46

GBM 0.77 0.81 0.86 0.89 0.74 0.81

UCEC 0.46 0.10 0.70 0.35 0.40 0.13

THCA 0.29 0.86 0.35 0.85 0.27 0.93

STAD 0.53 0.43 0.62 0.51 0.38 0.39

LGG 0.71 0.64 0.73 0.71 0.46 0.47

PRAD 0.62 0.71 0.69 0.73 0.39 0.50

KIRC 0.74 0.49 0.80 0.64 0.73 0.39

HNSC 0.57 0.49 0.61 0.64 0.36 0.36

CESC 0.50 0.73 0.51 0.63 0.28 0.43

LAML 0.66 0.98 0.71 0.75 0.44 0.41

BLCA 0.62 0.56 0.54 0.47 0.39 0.23

BASAL 0.33 0.93 0.34 0.72 0.30 0.72

SKCM 0.52 0.74 0.47 0.41 0.36 0.50

Average 0.60 0.65 0.66 0.67 0.48 0.50

Note: The abbreviations of cancers are explained in Table 1.
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the cancer with high probability. Of note, the interpretation of

the prediction results is that a sample is most likely to be any of

the three cancer types. However, clinically it is useful, as the

predictions allow furthering checking only three cancer sites.

For example, the CNVs identified by sequencing of CTCs from

a patient (the cancer type is unknown, but the CTCs are cap-

tured in blood) could be used for predicting three possible can-

cer sites using eTumorType. Clinicians could further check the

patients to find out which of the three cancers could be. This

will be time-saving when searching the cancer sites.

The centroid-based correlation prediction showed that

some cancer types had similarity, leading to the failure of rank-

ing in top 1, which could be taken into account to shrink down

the cancer type possibilities and then able to improve predic-

tion. For example, the LUSC samples got higher numbers of

GO-ada models voting for OV, LUAD, HNSC, and LUSC,

but very lower votes for THCA and LAML (Figure 2). This

result indicates that the LUSC samples have higher chance

to be predicted as the former four cancer types, but lower

chance to be predicted as the latter two cancer types. There-

fore, if these two leading patterns were given weights, the pre-

diction accuracy might be boosted.

By applying the leading pattern-weighted correlation pre-

diction, the prediction performance was significantly improved

(Table 5). For some cancer types, both prediction accuracy and

power were increased. For example, in the validation set, for

colon adenocarcinoma/rectum adenocarcinoma (COAD/

READ), the accuracy and power of the prediction was

enhanced from 0.92 to 0.94 and from 0.79 to 0.88, respectively;

similar results were obtained for the test set (Tables 4 and 5).

In addition, similar results were observed for glioblastoma

multiforme (GBM), THCA, STAD, and kidney renal clear cell

carcinoma (KIRC). On the other hand, for some other cancer

types, the predictions were increased in either accuracy or

power only. For example, the prediction for LAML in the

validation set was improved from 0.81 to 0.92 for accuracy

but decreased from 0.81 to 0.69 for power, with similar

observations noticed in the test set. Usually, the trade-off

between accuracy and power is inherent in prediction models,

like the prediction for LAML. The improvements on both

indices for COAD/READ suggest that the leading pattern-

weighted correlation prediction works very well for this cancer

type. That is, the selected leading patterns accurately evaluated

its similarity and dissimilarity to the other cancer types in the

leading up-patterns and bottom-patterns, thereby working effi-

ciently in the prediction for true samples. On the other hand,

the increase in accuracy but decrease in power for LAML indi-

cates that the leading patterns enhanced the ability of filtering

false samples but lowered down the competing power against

cancer types sharing similarity with, resulting in losing more

true samples.

In summary, the prediction performances for the cancer

types of COAD/READ, GBM, brain lower grade glioma

(LGG), prostate adenocarcinoma (PRAD), and KIRC were

increased significantly, from 0.85 to 0.92 and from 0.83 to

0.87 on average for accuracy and power, respectively, in the

training set. The corresponding increases in the test set were

from 0.81 to 0.90 and from 0.82 to 0.86 on average for accuracy

and power, respectively. In the validation set, the prediction

performances for the cancer types of OV, LUMINAL, LUAD,

LUSC, uterine corpus endometrial carcinoma (UCEC), STAD,

HNSC, LAML, and SKCM were increased moderately, from

0.80 to 0.84 and from 0.74 to 0.79 on average for accuracy

and power, respectively. For the test set, the accuracy and

power on average were from 0.77 to 0.83 and from 0.72 to

0.76. In total, these cancer types accounted for 14 of 18 types

analyzed in this study. Therefore, the leading pattern-

weighted correlation is able to discriminate cancer types.

Discussion

eTumorType integrates the traits favoring robustness including

cancer hallmarks composed of DAGs, stochastic algorithm of

Table 4 Accuracy and power of centroid-based cancer type prediction using top-3 selections

Cancer
Training set Validation set Test set

Accuracy Power Accuracy Power Accuracy Power

OV 0.84 0.93 0.86 0.94 0.78 0.92

LUMINAL 0.93 0.80 0.93 0.73 0.88 0.66

LUAD 0.89 0.76 0.81 0.81 0.90 0.59

LUSC 0.82 0.98 0.76 0.98 0.77 0.95

COAD/READ 0.93 0.83 0.92 0.79 0.83 0.65

GBM 0.94 0.90 0.90 0.91 0.89 0.87

UCEC 0.92 0.35 0.85 0.43 0.78 0.50

THCA 0.48 0.93 0.46 0.88 0.46 0.98

STAD 0.90 0.72 0.81 0.63 0.66 0.64

LGG 0.91 0.94 0.78 0.82 0.77 0.88

PRAD 0.78 0.93 0.76 0.83 0.68 0.93

KIRC 0.91 0.92 0.87 0.80 0.86 0.77

HNSC 0.86 0.85 0.71 0.78 0.68 0.75

CESC 0.74 0.91 0.65 0.80 0.63 0.73

LAML 0.83 0.98 0.81 0.81 0.81 0.76

BLCA 0.80 0.81 0.74 0.57 0.65 0.43

BASAL 0.59 1.00 0.48 0.83 0.52 0.89

SKCM 0.85 0.94 0.67 0.59 0.67 0.75

Average 0.83 0.86 0.77 0.77 0.73 0.76

Note: The abbreviations of cancers are explained in Table 1.
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ada, voting mechanism based on the screening of cancer type

comparisons, and a further centroid generation. For a given

cancer type, the centroids of average number of GO-ada voting

for each cancer type were stable across the training, validation,

and test sets. In general, eTumorType performs well in the pre-

dictions. The current predictive models have been constructed

based on the 18 common cancer types, because they have rela-

tively larger sample sizes in TCGA. For other cancer types,

when their sample numbers get large enough, we will refine

our models to include them in the future. This is the limitation

of the current predictive models. However, eTumorType is cap-

able of discriminating cancer types, which is beyond the current

studies on CTC or cfDNA data, as the majority of these studies

only focused on finding features (e.g., CNV, mutation, micro-

RNA, methylation, and gene expression) associated with speci-

fic cancer types [25–30]. To our best knowledge, no such

algorithms have been developed so far. Our algorithm enables

discriminating cancer types for CTCs and cfDNAs, which will

be useful in early diagnosis of cancers in the near future.

The number of input genes affects the performance of GO-

ada voting. When using the top-30 genes, the predictions for

OV, LUAD, COAD/READ, GBM, KIRC, HNSC, and

LAML samples had relatively good performance with the

accuracy of 0.87 and power of 0.81 on average in the valida-

tion set and the corresponding values in the test set were

0.86 and 0.76. On average, the leading pattern-weighted corre-

lation method led to prediction accuracy and power of 0.78

and 0.73 for all cancer types in both the validation and the test

sets, which were around 4% and 6% less than the predictions

using the top-100 genes.

In general, inclusion of the leading patterns improved the

prediction. However, there was trade-off between accuracy

and power when predicting some cancer types. This could be

attributed to the inaccurate selection of the leading patterns.

In our future work, we will improve the accuracy of selection

and investigate the weights of the leading patterns in favor of

reducing the trade-off.

Previously, we suggested that genomics and systems biology

research should be conducted at sub-clonal and founding clo-

nal levels [31,32]. In this study, the founding clone CNVs were

used not only for facilitating a smooth application of the

method to CTC and cfDNA data, but also for getting insight

for the early detection of cancer types. The formation of the

founding clone represents cancer occurrence and cancer devel-

ops faster thereafter [9]. Therefore, signals derived from sub-

clones cannot be much helpful for early detection.

Many studies have focused on somatic mutation-based bio-

marker discovery for cancer detection. However, somatic CNVs

may have advantages as they have strong signals [12], whereas

cancer genomes have rare somatic mutations, which are not

common between tumor samples of even a same cancer type

[33,34]. In the meantime, the cost is much lower for CNV detec-

tion than mutation detection by genome sequencing, leading to

the increasing tendency of measuring genome-level CNVs.

Therefore, using CNVs could be a reliable and feasible option

for early detection of cancer. The non-invasive manner of

CTC capturing is a further advance for early cancer detection.

Our eTumorType for discriminating cancer types is developed

to fulfill this task by reliably identifying cancer type candidates.

The good performance of the method for majority of the 18

common cancer types in this study holds promise for it.

Non-invasive cancer biomarker discovery has been studied

on CTCs and cfDNAs in blood, serum, and plasma. Studies

have reported similarity of CNVs in CTCs and cfDNAs with

primary tumors [35–38]. These results support the applicability

of eTumorType on CTC and cfDNA data. Nevertheless, there

are issues needed to be considered. First, the rate of false neg-

ative of CNV detection is large [5,35], which might not detect

enough DAGs to reach a good performance. Second, isolating

rare CTCs and cfDNAs is challenging, especially for the early

detection of cancer. Moreover, the necessary step of amplify-

ing rare CTCs and cfDNAs makes it worse because biases

and errors might be introduced [6,39]. Furthermore, there

are analyses showing the discordance between CTCs and

Table 5 Accuracy and power of leading pattern-weighted correlation prediction of caner types using top-3 selections

Cancer
Training set Validation set Test set

Accuracy Power Accuracy Power Accuracy Power

OV 0.90 0.94 0.83 0.93 0.80 0.93

LUMINAL 0.93 0.97 0.85 0.88 0.83 0.85

LUAD 0.96 0.86 0.91 0.87 0.82 0.70

LUSC 0.85 0.98 0.80 0.96 0.78 0.95

COAD/READ 0.96 0.95 0.94 0.88 0.87 0.79

GBM 0.97 0.91 0.92 0.92 0.92 0.89

UCEC 0.94 0.73 0.81 0.58 0.84 0.66

THCA 0.80 0.98 0.62 0.90 0.56 0.98

STAD 0.98 0.89 0.81 0.71 0.80 0.67

LGG 0.97 0.97 0.91 0.82 0.90 0.88

PRAD 0.94 0.94 0.93 0.87 0.96 0.87

KIRC 0.96 0.98 0.91 0.84 0.86 0.88

HNSC 0.93 0.90 0.81 0.91 0.80 0.76

CESC 0.78 0.93 0.67 0.73 0.65 0.73

LAML 1.00 0.96 0.92 0.69 0.91 0.59

BLCA 0.93 0.89 0.76 0.63 0.71 0.40

BASAL 0.90 0.96 0.67 0.67 0.70 0.78

SKCM 0.94 0.94 0.83 0.59 0.92 0.69

Average 0.92 0.93 0.83 0.80 0.81 0.78

Note: The abbreviations of cancers are explained in Table 1.
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primary tumors. For example, 48% of 62 metastatic breast can-

cers were reported discrepant between CTCs and the primary

tumors on gene expression of 35 CTC-specific genes; 24% of

patients had discrepant expression of the estrogen receptor

[40]. The difference in signal intensities for genesmight also indi-

cate the discrepancy of CNVs between CTCs and primary

tumors even for those detected as aberrations in both materials.

Due to the inconsistent conclusions, searching biomarkers or

models for early detection should be ideally performed based

onCTCs and cfDNAs. However, this needs improved technolo-

gies and large datasets, which could be available in the future.

Our study is likely to be a simulation for this task by comprehen-

sively considering the founding clone CNVs and possibly small

number of CNVs. The single-cell sequencing technology is

promising to increase the resolution and make cancer genome

sequencing data cleaner, which might make it easier to analyze

the data. With the development of the related technologies, we

believe that non-invasive cancer diagnosis would be accom-

plished in the near future.

Conclusion

In this study, we developed eTumorType, which enables the

identification of cancer types for CTCs or cfDNAs in blood,

based on CNVs in the tumor founding clone. This application

could be used for the early detection of 18 common cancers.

The approach of using the tumor founding clone, in which

genomic changes will be carried onto every cancer cells of

the tumor, helps us to capture the most important genomic

variations for that tumor. The cancer hallmarks considered

in eTumorType allow capturing the genomic variations which

are most likely to be associated with cancer development and

progression, thereby contributing to robustness. Furthermore,

to improve the prediction performance of eTumorType in clin-

ical diagnosis, we developed a leading pattern-correlation

method, which increased the prediction accuracy and power.

The analysis performed in 5327 tumor samples of 18 cancer

types provides a reliable evaluation of the algorithm. We hope

eTumorType prediction would shed light on non-invasive early

diagnosis of cancer types in the future.

Authors’ contributions

EW conceived the idea and supervised the study. EW and JZ

designed the algorithm. JZ implemented the algorithm and

performed the analysis. JZ and EW analyzed the results. JZ

drafted the manuscript and EW edited the manuscript. Both

authors read and approved the final manuscript.

Competing interests

The authors have declared that no competing interests exist.

Acknowledgments

This work was partially supported by The Alberta Innovates:

Health Solutions’ Translational Chair Program and Cancer

Genomics, Canada.

Supplementary material

Supplementary material associated with this article can be

found, in the online version, at http://dx.doi.org/10.1016/j.

gpb.2017.01.004.

References

[1] Murtaza M, Dawson SJ, Tsui DW, Gale D, Forshew T, Piskorz

AM, et al. Non-invasive analysis of acquired resistance to cancer

therapy by sequencing of plasma DNA. Nature 2013;497:108–12.

[2] Heitzer E, Auer M, Gasch C, Pichler M, Ulz P, Hoffmann EM,

et al. Complex tumor genomes inferred from single circulating

tumor cells by array-CGH and next-generation sequencing.

Cancer Res 2013;73:2965–75.

[3] Vallee A, Marcq M, Bizieux A, Kouri CE, Lacroix H, Bennouna

J, et al. Plasma is a better source of tumor-derived circulating cell-

free DNA than serum for the detection of EGFR alterations in

lung tumor patients. Lung Cancer 2013;82:373–4.

[4] Hou HW, Warkiani ME, Khoo BL, Li ZR, Soo RA, Tan DS,

et al. Isolation and retrieval of circulating tumor cells using

centrifugal forces. Sci Rep 2013;3:1259.

[5] Goto K, Ichinose Y, Ohe Y, Yamamoto N, Negoro S, Nishio K,

et al. Epidermal growth factor receptor mutation status in

circulating free DNA in serum: from IPASS, a phase III study

of gefitinib or carboplatin/paclitaxel in non-small cell lung cancer.

J Thorac Oncol 2012;7:115–21.

[6] Ilie M, Hofman V, Long E, Bordone O, Selva E, Washetine K,

et al. Current challenges for detection of circulating tumor cells

and cell-free circulating nucleic acids, and their characterization in

non-small cell lung carcinoma patients. What is the best blood

substrate for personalized medicine? Ann Transl Med 2014;2:107.

[7] Bidard FC, Weigelt B, Reis-Filho JS. Going with the flow: from

circulating tumor cells to DNA. Sci Transl Med 2013;5:207ps14.

[8] Miller CA, White BS, Dees ND, Griffith M, Welch JS, Griffith

OL, et al. SciClone: inferring clonal architecture and tracking the

spatial and temporal patterns of tumor evolution. PLoS Comput

Biol 2014;10:e1003665.

[9] Nik-Zainal S, Van Loo P, Wedge DC, Alexandrov LB, Greenman

CD, Lau KW, et al. The life history of 21 breast cancers. Cell

2012;149:994–1007.

[10] Carter SL, Cibulskis K, Helman E, McKenna A, Shen H, Zack T,

et al. Absolute quantification of somatic DNA alterations in

human cancer. Nat Biotechnol 2012;30:413–21.

[11] LockwoodWW, Chari R, Coe BP, Girard L, Macaulay C, Lam S,

et al. DNA amplification is a ubiquitous mechanism of oncogene

activation in lung and other cancers. Oncogene 2008;27:4615–24.

[12] Zack TI, Schumacher SE, Carter SL, Cherniack AD, Saksena G,

Tabak B, et al. Pan-cancer patterns of somatic copy number

alteration. Nat Genet 2013;45:1134–40.

[13] Gao S, Tibiche C, Zou J, Zaman N, Trifiro M, O’Connor-

McCourt M, et al. Identification and construction of combinatory

cancer hallmark-based gene signature sets to predict recurrence

and chemotherapy benefit in stage II colorectal cancer. JAMA

Oncol 2016;2:37–45.

[14] Li J, Lenferink AE, Deng Y, Collins C, Cui Q, Purisima EO, et al.

Identification of high-quality cancer prognostic markers and

metastasis network modules. Nat Commun 2010;1:34.

[15] Breiman L. Random forests. Mach Learn 2001;45:5–32.

[16] Culp M, Johnson K, Michailidis G. Ada: an R package for

stochastic boosting. Gen Inf 2006;17:1–27.

[17] Mermel CH, Schumacher SE, Hill B, Meyerson ML, Beroukhim

R, Getz G. GISTIC2.0 facilitates sensitive and confident local-

ization of the targets of focal somatic copy-number alteration in

human cancers. Genome Biol 2011;12:R41.

Zou J and Wang E /Discriminating Cancer Types for CTCs and cfDNAs 139

http://dx.doi.org/10.1016/j.gpb.2017.01.004
http://dx.doi.org/10.1016/j.gpb.2017.01.004
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0005
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0005
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0005
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0010
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0010
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0010
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0010
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0015
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0015
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0015
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0015
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0020
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0020
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0020
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0025
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0025
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0025
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0025
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0025
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0040
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0040
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0040
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0040
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0045
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0045
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0045
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0050
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0050
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0050
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0055
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0055
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0055
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0060
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0060
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0060
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0065
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0065
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0065
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0065
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0065
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0070
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0070
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0070
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0075
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0080
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0080
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0085
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0085
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0085
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0085


[18] Reich M, Liefeld T, Gould J, Lerner J, Tamayo P, Mesirov JP.

GenePattern 2.0. Nat Genet 2006;38:500–1.

[19] Zaman N, Li L, Jaramillo ML, Sun Z, Tibiche C, Banville M,

et al. Signaling network assessment of mutations and copy

number variations predict breast cancer subtype-specific drug

targets. Cell Rep 2013;5:216–23.

[20] The Gene Ontology Consortium. Gene Ontology Consortium:

going forward. Nucleic Acids Res 2015;43:D1049–56.

[21] Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry

JM, et al. Gene ontology: tool for the unification of biology. The

Gene Ontology Consortium. Nat Genet 2000;25:25–9.

[22] Binns D, Dimmer E, Huntley R, Barrell D, O’Donovan C,

Apweiler R. QuickGO: a web-based tool for Gene Ontology

searching. Bioinformatics 2009;25:3045–6.

[23] Wang E, Zaman N, McGee S, Milanese JS, Masoudi-Nejad A,

O’Connor-McCourt M. Predictive genomics: a cancer hallmark

network framework for predicting tumor clinical phenotypes

using genome sequencing data. Semin Cancer Biol 2015;30:4–12.

[24] Wang E. Understanding genomic alterations in cancer genomes

using an integrative network approach. Cancer Lett

2013;340:261–9.

[25] Chicard M, Boyault S, Colmet Daage L, Richer W, Gentien D,

Pierron G, et al. Genomic copy number profiling using circulating

free tumor DNA highlights heterogeneity in neuroblastoma. Clin

Cancer Res 2016;22:5564–73.

[26] de Las Casas CM, Gonzalez-Cao M, Ramirez SV, Ariza NJ,

Balada A, Garzon M, et al. Usefulness of circulating free DNA

for monitoring epidermal growth factor receptor mutations in

advanced non-small cell lung cancer patients: a case report. Transl

Lung Cancer Res 2016;5:532–7.

[27] Fang C, Fan C, Wang C, Huang Q, Meng W, Yu Y, et al.

CD133+CD54+CD44+ circulating tumor cells as a biomarker of

treatment selection and liver metastasis in patients with colorectal

cancer. Oncotarget 2016;7:77389–403.

[28] Meng X, Muller V, Milde-Langosch K, Trillsch F, Pantel K,

Schwarzenbach H. Diagnostic and prognostic relevance of circu-

lating exosomal miR-373, miR-200a, miR-200b and miR-200c in

patients with epithelial ovarian cancer. Oncotarget 2016;7:

16923–35.

[29] Skrypkina I, Tsyba L, Onyshchenko K, Morderer D, Kashparova

O, Nikolaienko O, et al. Concentration and methylation of cell-

free DNA from blood plasma as diagnostic markers of renal

cancer. Dis Markers 2016;2016:3693096.

[30] Yan W, Zhang A, Powell MJ. Genetic alteration and mutation

profiling of circulating cell-free tumor DNA (cfDNA) for diag-

nosis and targeted therapy of gastrointestinal stromal tumors.

Chin J Cancer 2016;35:68.

[31] Wang E, Zou J, Zaman N, Beitel LK, Trifiro M, Paliouras M.

Cancer systems biology in the genome sequencing era: part 2,

evolutionary dynamics of tumor clonal networks and drug

resistance. Semin Cancer Biol 2013;23:286–92.

[32] Wang E, Zou J, Zaman N, Beitel LK, Trifiro M, Paliouras M.

Cancer systems biology in the genome sequencing era: part 1,

dissecting and modeling of tumor clones and their networks.

Semin Cancer Biol 2013;23:279–85.

[33] Bashashati A, Ha G, Tone A, Ding J, Prentice LM, Roth A, et al.

Distinct evolutionary trajectories of primary high-grade serous

ovarian cancers revealed through spatial mutational profiling. J

Pathol 2013;231:21–34.

[34] Leiserson MD, Vandin F, Wu HT, Dobson JR, Eldridge JV,

Thomas JL, et al. Pan-cancer network analysis identifies combi-

nations of rare somatic mutations across pathways and protein

complexes. Nat Genet 2015;47:106–14.

[35] Kirkizlar E, Zimmermann B, Constantin T, Swenerton R, Hoang

B, Wayham N, et al. Detection of clonal and subclonal copy-

number variants in cell-free DNA from patients with breast cancer

using a massively multiplexed PCR methodology. Transl Oncol

2015;8:407–16.

[36] Mathiesen RR, Fjelldal R, Liestol K, Due EU, Geigl JB,

Riethdorf S, et al. High-resolution analyses of copy number

changes in disseminated tumor cells of patients with breast cancer.

Int J Cancer 2012;131:E405–15.

[37] Bettegowda C, Sausen M, Leary RJ, Kinde I, Wang Y, Agrawal

N, et al. Detection of circulating tumor DNA in early- and late-

stage human malignancies. Sci Transl Med 2014;6:22ra24.

[38] Newman AM, Bratman SV, To J, Wynne JF, Eclov NC, Modlin

LA, et al. An ultrasensitive method for quantitating circulating

tumorDNAwithbroad patient coverage.NatMed2014;20:548–54.

[39] Lohr JG, Adalsteinsson VA, Cibulskis K, Choudhury AD,

Rosenberg M, Cruz-Gordillo P, et al. Whole-exome sequencing

of circulating tumor cells provides a window into metastatic

prostate cancer. Nat Biotechnol 2014;32:479–84.

[40] Onstenk W, Sieuwerts AM, Weekhout M, Mostert B, Reijm EA,

van Deurzen CH, et al. Gene expression profiles of circulating

tumor cells versus primary tumors in metastatic breast cancer.

Cancer Lett 2015;362:36–44.

140 Genomics Proteomics Bioinformatics 15 (2017) 130–140

http://refhub.elsevier.com/S1672-0229(17)30043-8/h0090
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0090
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0095
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0095
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0095
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0095
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0100
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0100
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0105
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0105
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0105
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0110
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0110
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0110
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0115
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0115
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0115
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0115
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0120
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0120
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0120
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0125
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0125
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0125
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0125
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0130
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0130
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0130
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0130
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0130
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0135
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0140
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0140
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0140
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0140
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0140
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0145
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0145
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0145
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0145
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0150
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0150
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0150
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0150
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0155
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0155
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0155
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0155
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0160
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0160
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0160
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0160
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0165
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0165
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0165
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0165
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0170
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0170
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0170
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0170
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0175
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0175
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0175
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0175
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0175
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0180
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0180
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0180
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0180
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0185
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0185
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0185
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0190
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0190
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0190
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0195
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0195
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0195
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0195
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0200
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0200
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0200
http://refhub.elsevier.com/S1672-0229(17)30043-8/h0200

