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Editor’s introduction to this issue (G&I 
18:1, 2020)
Taesung Park* 

Department of Statistics, Seoul National University, Seoul 08826, Korea

In this issue, there are 10 articles: six Original Articles, one Research Communication, 
two Application Notes, and one article in the category of Clinical Genomics. The first 
two original articles deal with patient-derived xenografts (PDX). First, Kim et al. (Ewha 
Womans University, Korea) presented PDX mouse models for 132 lung cancer patients 
and performed whole-exome sequencing to compare tumor, normal, and xenograft tis-
sues. Through a computational analysis of the somatic mutations and copy number varia-
tions, the authors showed that the genomic and histological results agreed well, with 
more than 90% of concordant cases. Their analyses demonstrate the potential usefulness 
of PDX mouse models in cancer studies.

Second, Barwe et al. (Alfred I. duPont Hospital for Children, USA) generated 25 pri-
mary pediatric acute leukemia samples and their corresponding PDX samples. The au-
thors demonstrated that the primary samples and PDX samples showed a high level of 
concordance between single nucleotide variants and gene fusions, while other complex 
structural variants were not as consistent. The high concordance between single nucleo-
tide variants and gene fusions confirms the utility of PDX models for preclinical drug 
testing.

The third article, by Doulabi et al. (Islamic Azad University, Iran), presents a case-con-
trol study of 174 ulcerative colitis biopsy samples and 82 control individuals. The authors 
performed a candidate gene association analysis of MDM2, which is a phospho-protein 
and a ubiquitin ligase for p53. The rs309 single nucleotide polymorphism (SNP) detect-
ed by the amplification-refractory mutation system PCR technique was shown to be as-
sociated with the occurrence of ulcerative colitis. A further study on the direct association 
of this polymorphism with carcinogenesis is warranted.

Ko et al. (Korea Bioinformation Center, KRIBB, Korea) presented a cloud comput-
ing-based system, Bio-Express, for handling a large amount of genomic data. Bio-Express 
provides user-friendly, cost-effective analysis of massive genomic datasets loaded with 
multi-omics data analysis pipelines including genome, transcriptome, epigenome, and 
metagenome pipelines. Bio-Express is a highly efficient cloud computing-based system. 
Shin at al. (Dankook University, Korea) presented a platform for detection of the Han-
woo-specific structure variation using droplet digital PCR (ddPCR). The ddPCR plat-
form is expected to provide more accurate quantification than PCR and can be applied 
for the quantitative evaluation of molecular markers.

The final Research Article is by Daoud, who proposed a new robust approach to de-
tecting outliers in a set of segmented genomes of the influenza virus with feature ex-
traction, an alignment-free distance measure, and a mapping into distance space to ana-
lyze a quantum of distance values. In his sequel article, the author presents a few technical 
notes about the distance distribution paradigm used to analyze composite data points in 
high-dimensional feature spaces. The integrated statistical learning pipeline to process 
segmented genomes of the influenza virus is illustrated as a sequential-parallel computa-
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tional pipeline.
In this issue, there are two Application Notes. Park et al. (The 

Catholic University of Korea, Korea) developed a user-friendly 
tool, named prediction of avian influenza virus subtype (PAIVS). 
PAIVS is an analysis pipeline of next-generation sequencing 
(NGS)-based avian influenza virus (AIV) sequencing data that 
supports the pre-processing of NGS data, reference-guided AIV 
subtyping, de novo assembly, variant calling, and identifying the 
closest full-length sequences by BLAST, and then provides a 
graphical summary to the end user. Jiang et al. (Seoul National 
University, Korea) presented the HisCoM-PCA software for per-
forming pathway analysis of SNP data using hierarchical structural 
component models. HisCoM-PCA is based on principal compo-
nent analysis (PCA) for the dimensional reduction of SNPs in 
each gene, and a hierarchical structural component model for 
pathway analysis. The HisCoM-PCA software has several features. 

Various selection criteria for the principal component scores in the 
PCA step can be specified by the user. Multiple public pathway da-
tabases and customized pathway information can be used to per-
form pathway analysis.

The one article in the Clinical Genomics section by Franke and 
Crowgey (Nemours Alfred I duPont Hospital for Children, USA) 
provides an evaluation of optimized best practices for genome 
analysis toolkit (GATK) algorithms, including Parabricks and Sen-
tieon. The evaluation results would be highly informative for users 
to decide which algorithm of GATK to use to analyze large-scale 
human genomics datasets.

ORCID

Taesung Park: https://orcid.org/0000-0002-8294-590X
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Patient-derived xenograft (PDX) mouse models are frequently used to test the drug efficacy 
in diverse types of cancer. They are known to recapitulate the patient characteristics faith-
fully, but a systematic survey with a large number of cases is yet missing in lung cancer. 
Here we report the comparison of genomic characters between mouse and patient tumor 
tissues in lung cancer based on exome sequencing data. We established PDX mouse models 
for 132 lung cancer patients and performed whole exome sequencing for trio samples of 
tumor-normal-xenograft tissues. Then we computed the somatic mutations and copy 
number variations, which were used to compare the PDX and patient tumor tissues. Ge-
nomic and histological conclusions for validity of PDX models agreed in most cases, but we 
observed eight (~7%) discordant cases. We further examined the changes in mutations 
and copy number alterations in PDX model production and passage processes, which high-
lighted the clonal evolution in PDX mouse models. Our study shows that the genomic 
characterization plays complementary roles to the histological examination in cancer stud-
ies utilizing PDX mouse models. 

Keywords: copy number alteration, lung neoplasms, mutation, patient-derived xenograft, 
whole exome sequencing

Validity of patient-derived xenograft 
mouse models for lung cancer based 
on exome sequencing data 
Jaewon Kim1, Hwanseok Rhee2, Jhingook Kim3, Sanghyuk Lee4* 

1Department of Bio-information Science, Ewha Womans University, Seoul 03760, Korea 
2Bioinformatics Team, DNA Link, Seoul 03759, Korea 
3Samsung Biomedical Research Institute, Samsung Medical Center, Sungkyunkwan University 
School of Medicine, Seoul 06351, Korea 

4Ewha Research Center for Systems Biology (ERCSB) and Department of Life Science, Ewha 
Womans University, Seoul 03760, Korea 

Introduction 

Lung cancer incidence and mortality rates are the highest worldwide, accounting for 
11.6% of the total cases and 18.4% of the total cancer deaths in 2018 [1]. Traditional 
treatment for lung cancer has been surgery and radiochemotherapy, but targeted thera-
pies are increasingly adopted for patients who have the druggable aberrations such as epi-
dermal growth factor receptor (EGFR) mutations or gene fusions involving ALK, ROS1, 
and NTRK genes [2-5]. Targeted therapies usually show fast response with minimal side 
effects, but tumor recurs within a few months in many cases, thus necessitating additional 
therapies. 

The main reasons for resistant and recurrent tumors are intrinsic heterogeneity and tu-
mor cell evolution. Tumors may consist of multiple clones where targeted therapies kill 
only subsets of clones leaving residual clones, whose proliferation leads to resistance or 
recurrence eventually. Alternatively, tumor cells may undergo evolution after treatment to 
acquire de novo mutations overcoming the treatment effect of cancer drugs. Understand-
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ing molecular mechanisms of resistance development is essential 
to identify follow-up treatment options in targeted therapy. 

Preclinical models are extremely useful in the course of drug de-
velopment, especially to test the drug efficacy in cost-effective ways. 
Animal models and organoids derived from patient tumors are two 
representative systems frequently adopted in cancer drug develop-
ment. Patient-derived xenograft (PDX) mouse models where the 
patient’s tumor tissue is transplanted into immunodeficient mice 
have demonstrated their usefulness to recapitulate patient’s re-
sponse to cancer agents in various types of cancers including breast, 
brain, colon, and lung tumors [6-10]. The banks of these ‘Avatar’ 
mice are valuable resources for preclinical tests. However, the fideli-
ty of PDX mouse models to substitute patient’s tumor tissues has 
not been thoroughly studied in lung cancer models. Here we com-
pare the genomic characteristics of PDX mouse, patient tumor, and 
patient normal tissues based on exome sequencing data to test the 
validity of PDX mouse models in lung cancer. 

Methods 

Producing whole exome sequencing data 
We acquired the tumor and matched normal tissues from 132 lung 
cancer patients at the Samsung Medical Center in Seoul. This 
study was approved by Samsung Medical Center institutional re-
view board (IRB 2018-03-110), and informed consent was ob-
tained from each patient. Tumor tissues were transplanted into the 
NSG mouse, NOD.Cg-PrkdcscidIl2rgtm1Wjl/SzJ (Stock No. 005557) 
[11], purchased from the Jackson Laboratory to establish the PDX 
mouse models. All tumor tissues of the patient and PDX were pre-
pared for formalin-fixed paraffin-embedded, and a pathologist ex-
amined histopathology of tissue through hematoxylin and eosin 
staining. Whole exome sequencing (WES) was performed using 
the Illumina TruSeq Exome kit and HiSeq 2500 sequencing plat-
form (Illumina, San Diego, CA, USA). The WES data for patient tu-
mor, patient normal, and PDX tumor tissues were deposited at the 
Korean Bioinformation Center (KOBIC) (ID 10050154). 

Data processing and variant analysis 
Preprocessing steps consist of adapter trimming, quality control, 
and filtering mouse reads. First, adapter sequences were removed 
and sequence reads whose quality score <  33 in more than 50% of 
bases were discarded using fastx-toolkit (ver. 0.0.14). After the 
trimming process, we removed the single reads and kept the 
paired-end reads only using cmpfastq perl program (http://comp-
bio.brc.iop.kcl.ac.uk/software/cmpfastq.php). For WES data from 
PDX mouse tissues, we applied an additional step to filter out 
mouse-originated reads using Xenome software (ver. 1.0.1) [12] 

with the reference genomes of human (UCSC hg19 in https://ge-
nome.ucsc.edu/) and mouse (UCSC mm10). We kept the hu-
man-specific reads only for subsequent analyses. 

Resulting reads were mapped to the human reference genome 
(UCSC hg19) using Burrows-Wheeler Alignment (BWA)-MEM 
alignment tool [13] with default options. After mapping, reads 
were sorted by samtools version 1.8 [14]. We performed Genome 
Analysis Toolkit (GATK, v4.0.7.0) [15] AddOrReplaceRead-
Groups command for adding read group information, MarkDupli-
cates command for removing duplicated reads, BaseRecalibrator 
and ApplyBQSR commands for correcting realignment. Data pro-
cessing summary statistics are given in Supplementary Table 1. 
Then, somatic single nucleotide variations (SNVs) and insertions/
deletions were called using the GATK4-Mutect2 [16] pipeline. 
Filter-based annotation in ANNOVAR [17] was used for variant 
annotations. In addition, we calculated the copy number alter-
ations using EXCAVATOR2 (v1.1.2) [18]. All statistical analysis 
and visualizations were performed using R version 3.6.1 

Results 

Clinical and histopathological features of samples 
We analyzed 132 lung cancer patients whose tumor and matched 
normal tissues were available and the PDX tumor samples were 
successfully harvested. The pathophysiological information of pa-
tients is summarized in Table 1. Briefly, we had 54 adenocarcino-
ma cases (41%), 48 squamous cell carcinoma cases (36%), four 
large cell carcinoma cases (3%), and 26 unclassifiable adenocarci-
noma cases (20%). Our patient cohort was enriched with male 
(66%), smokers (64%), early stages (50%), non-recurrent (61%), 
and primary (62%) patients. In accordance with the previous re-
ports [19], the success rate of establishing PDX mouse models was 
higher in squamous cell carcinoma than in adenocarcinoma. His-
topathological examination of patient tumor and PDX tumor tis-
sues concluded that tumors were consistent between patient and 
PDX mouse in 97 cases (73.5%). The discrepancy in histology 
maybe presumably ascribed to the lymphomagenesis that had 
been reported to occur frequently in NSG or NOG mice trans-
planted with Epstein-Barr virus infected tumor tissues [20,21]. 
This concordance and discrepancy were further investigated by 
comparing the mutation and copy number profiles between pa-
tient and PDX mouse tumors. 

Statistics in mapping and variant calling procedure 
We performed WES on tumor, normal, and PDX samples of 132 
lung cancer patients, with a mean coverage of 30 × . In order to 
compare the somatic mutation profiles of patient and PDX mouse 
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would be replaced with the mouse stromal cells during engraft-
ment of the patient’s tumor tissue into immunodeficient mice 
[22]. As a result, tumor cells are enriched in the PDX mouse tu-
mors, which leads to more somatic mutations in variant calling. To 
test this hypothesis, we examined the variant allele frequencies 
(VAFs) of major cancer genes (TP53, KRAS, and PIK3CA) identi-
fied in both patient and PDX tumors (Fig. 1C). All three genes 
showed that the VAFs of PDX mouse tumors are larger than those 
of patient tumors, which supports our hypothesis of clonal enrich-
ment in PDX mouse tumors. However, the extent of clonal selec-
tion pressure varied for different genes. Interestingly, the VAFs of 
TP53 gene were close to 100% in PDX mouse tumors. The biolog-
ical meaning of this observation warrants further studies. 

Comparison of somatic mutations between patient and PDX 
mouse tumors 
Next, we examined how well the mutations identified in patients 
were reproduced in PDXs. In all 132 samples, it was found that 
63% of the exonic mutations in patients were also identified in 
PDXs on average (Fig. 2A). The portion of common mutations, 
however, varied tremendously from 0% to 98%. Low rates of com-
mon mutations were mostly observed in cases where patient and 
PDX tumors showed different pathology in histological analysis. 
Considering 92 cases with consistent histopathological result, 78% 
of the exonic mutations in patients were also identified in PDXs 
on average. 

We have also examined the overlap of functional mutations, in-
cluding non-synonymous SNVs, stop-gain mutations, stop-loss 
mutations, frameshift insertions, and frameshift deletions, between 
patient and PDX mouse tumors using 517 cancer-related genes cu-
rated from OncoKB and other literatures (Fig. 2B) [23-25]. The 
most commonly mutated gene was TP53. For cases with consistent 
histology, major portion of driver gene mutations were observed 
commonly in both patient and PDX tumors. Concordant driver 
genes included many mutations targeted by cancer drugs, including 
PIK3CA, EGFR, BRAF, and ALK. Thus, our bank of PDX mouse 
models can be a useful resource for testing drug efficacy in a pre-
clinical setup. 

Then we investigated how the histological analysis results are as-
sociated with the rate of common mutations. Out of 119 cases 
with the histological result available, we had 97 consistent and 22 
inconsistent cases (Fig. 2B). The common mutation rates were 
over 20% in most consistent cases, whereas they were below 3% in 
most inconsistent cases. Thus, we were able to find 10%–20% of 
common mutation rate as a general threshold for determining 
whether the PDX mutations recapitulate the patient’s somatic mu-
tations faithfully (Fig. 2A). 

Table 1. Clinical information of 132 lung cancer patients

Characteristic No. (%) (n=132)
Sex
 Female 44 (34)
 Male 88 (66)
Age (yr), median 65
Smoking status
 Nonsmoker 48 (36)
 Smoker 84 (64)
Clinical stage
 Early stage (I–II) 66 (50)
 Late stage (III–IV) 25 (19)
 N/A 41 (31)
Subtype
 Adenocarcinoma 54 (41)
 Squamous cell carcinoma 48 (36)
 Large cell carcinoma 4 (3)
 Unclassified 26 (20)
Recurrent
 Yes 52 (39)
 No 80 (61)
Metastasis
 Yes 50 (38)
 No 82 (62)
Death
 Yes 33 (25)
 No 99 (75)

N/A, not available.

tumors, it is essential to test the reliability of mutation calls in the 
PDX mouse tumors because human stromal cells are replaced 
with the mouse stromal cells during engraftment. Thus, we 
checked the portion of mouse-originated reads from the WES data 
of PDX tumors using the Xenome software to separate the human 
and mouse reads specifically. A summary of the Xenome align-
ment results is provided in Supplementary Table 2. The median 
portion of human reads was 95.1% and that of mouse reads was 
below 5% except a few cases (Fig. 1A). This implied that the PDX 
mouse tumors contained a sufficient amount of human cells. Thus 
we used the well-known MuTect2 algorithm after BWA-MEM 
mapping to call somatic mutations in PDX mouse tumors. 

The mutation rates were significantly higher in PDX mouse tu-
mors than in patient tumors (p =  7.36e-06). The median values 
of exonic mutations in PDX and patient tumors were 136 and 102, 
respectively (Fig. 1B). Since we removed the mouse-originated 
reads before calling somatic mutations, the difference can be at-
tributed to clonal selection and evolutionary processes in estab-
lishing PDX mouse tumors. For example, human stromal cells 
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However, there existed several exceptional cases from this guide-
line. We found only one case where the mutation profiles were 
concordant, but the histological examination result was different 
tumors in patient and PDX (Fig. 2B). In contrast, we found nine 
cases in the opposite direction where the histological examination 
concluded concordant tumors, but the mutation profiles were 
vastly different between patient and PDX (Fig. 2B). Reasons for 
this discrepancy are not clear, but it is difficult to imagine that no 
common mutation was found if the patient and PDX tumors were 
truly of the same histology. Histological examination is not a per-
fect, but error-prone procedure. In conclusion, it is not necessary 
to compare the mutation profiles if the histological examination 
result is inconsistent, but when the histological examination gave a 
good result, comparing mutation profiles can be useful in deter-
mining if the PDX tumor is truly identical to the patient tumor. 
Thus, the mutation profile plays complementary roles to histologi-
cal examination. 

Mutation and copy number profiles over passages of PDX 
mouse tumors 
The main advantage of PDX tumor model is that it is possible to 
amplify the amount of tumor cells by engrafting tumor tissue into 

other immunodeficient mice. Molecular characteristics are usually 
expected to be preserved in the passage process, but detailed ex-
amination at the genome scale is quite rare. 

We examined the mutation and copy number profiles for six cas-
es where PDX tumor samples were available over several passages/
generations (Fig. 3). We had four histologically consistent cases and 
two inconsistent cases. Both the mutation and copy number pro-
files were well reproduced throughout many generations in four 
good cases. Interestingly, the copy numbers showed much larger 
changes than somatic mutations especially between patient tumor 
and the first generation of xenograft tumor (Fig. 3B). It seems that 
PDX tumors harbor a number of new copy number losses that 
were maintained over many passages, which again implied that the 
clonal selection occurred in establishing the PDX mouse tumors. 

Discussion 

With the recent advances in anti-cancer drugs from unspecified cy-
totoxic agents to targeted therapy or immunotherapy, a better pre-
clinical model that reflects the characteristics of each patient is re-
quired to realize the precision medicine in cancer. The PDX mouse 
model has emerged as a valuable preclinical model to overcome the 

Fig. 1. Mapping and somatic mutations of patient-derived xenograft (PDX) mouse models. (A) The percentage of reads mapped to human 
and mouse respectively in PDX. (B) Box plot comparison of the number of exonic mutations called in patient and PDX tumors. (C) Variant 
allele frequencies (VAF) of major mutations identified in both patient and PDX tumors.
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limitations of in vitro cell lines. Drug development and targeted 
therapy studies using PDX models reported that their responses to 
treatments are consistent with the clinical outcomes of actual pa-
tients. However, co-clinical studies are extremely rare and the fideli-
ty of PDX mouse to patient tumors is not well defined. 

In this study, we have found that PDX mouse models recapitulate 
the genetic characteristics of patients quite well. Although it is diffi-
cult to assume that PDX models perfectly represent patients’ genetic 
profiles due to the effects of clonal selection or evolution, much of 
the alterations identified in the patient were identified in PDX tu-
mors as well. In addition, these alterations have been maintained for 
generations. Importantly, several PDX models have actionable alter-
ations that can help drug development targeting those aberrations.  

Although we confirmed that major portion of somatic mutations 
and copy number alterations were maintained in PDX establish-
ment, we also observed many novel mutations and copy number al-
terations in PDX mouse tumors. The clonal selection and evolution 

are the main causes, resulting in different VAFs for several driver mu-
tations and novel copy number losses. We also observed many addi-
tional somatic mutations emerge as a result of clonal enrichment. 
Understanding the details of clonal evolution should be important 
in interpretation of treatment response using PDX mouse models. 

To the best of our knowledge, this is the largest scale of PDX study 
in lung cancer with matching trio samples. Over 100 cases of PDX 
biobank data were produced, even though there are cases where 
the histopathology of the patient and matched PDX are not con-
sistent. By comparing the mutation and copy number profiles of 
patient and PDX tumors, we were able to show that the molecular 
characteristics are mostly in agreement with the histological re-
sults. But several cases were identified that molecular characteris-
tics did not agree even though the histological examination results 
were identical in patient and PDX tumors. This highlights the 
complementary roles of molecular profiling in evaluating the PDX 
mice as a surrogate model in preclinical tests. 

Fig. 2. Landscape of somatic mutations in lung cancer patients and patient-derived xenograft (PDX) mouse models. (A) Relative ratio 
of exonic mutations identified in patients. Somatic mutations in patients were divided into patient-specific ones and common ones in 
PDX tumors. (B) Mutational landscape of somatic mutations in important cancer-related genes. The vertical red dotted line indicates the 
boundary of good and bad PDX models according to molecular characteristics. N/A, not available.

TP53
CSMD3

LRP1B
SYNE1

KRAS
APC

PKHD1
KMT2D

ADAMTS20
PIK3CA

ADGRL3
PTEN

EP400
ARID1A

NF1
EPHA5

TET1
KMT2C

EGFR
GRM8

TPR
FLT4

SPEN
GNAS
NSD1

CTNNB1
KEAP1

BRAF
ALK

100%

50%

0%

Functional mutation
Patient mut.

PDX mut.

Cancer subtype
Histology

Passage plot

Patient specific mutations Common mutations in patient & PDX

ADC

LCNC

SCC

Others
N/A

Cancer subtype Patient-PDX histology

B

A

Consistent

Not consistent

Genomics & Informatics 2020;18(1):e3

5 / 8https://doi.org/10.5808/GI.2020.18.1.e3



① ② ③ ④ ⑤ ⑥
P X0 X1 P X0 X1 P X0 X1 P X0 X1 X2 X3 P X0 X1 X2 X3 P X0 X1 X2 X3

TP53
CSMD3
LRP1B
SYNE1
PKHD1
KMT2D

ADAMTS20
ADGRL3

PTEN
NF1

EPHA5
KMT2C

EGFR
GRM8

TPR
NSD1

CTNNB1

SP_297 DP_040 SP_212 SP_095 SP_056 SP_091
P X0 X1 P X0 X1 P X0 X1 P X0 X1 X2 X3 P X0 X1 X2 X3 P X0 X1 X2 X3

1

2

3

4

5

6

7

8
9
10
11
12
13
14
15
16
17
18
19
202122
X
Y

2-copy del.1-copy del.1-copy dup.Multiple dup.

P Patient
Xn PDX passage

SNVs

ORCID 

Jaewon Kim: https://orcid.org/0000-0003-3418-4875 
Hwanseok Rhee: https://orcid.org/0000-0001-5118-9534 
Jhingook Kim: https://orcid.org/0000-0002-3828-0453 
Sanghyuk Lee: https://orcid.org/0000-0001-9230-7461 

Authors’ Contribution 

Conceptualization: Jhingook Kim, SL. Data curation: Jaewon Kim, 
HR. Formal analysis: Jaewon Kim. Funding acquisition: SL. Meth-

odology: Jaewon Kim, HR. Writing - original draft: Jaewon Kim. 
Writing - review & editing: SL. 

Conflicts of Interest 

No potential conflict of interest relevant to this article was report-
ed. 

Acknowledgments 

This work was supported by the grants from the Technology Inno-

Fig. 3. Mutation and copy number profiles over the passage in patient-derived xenograft (PDX) mouse models. (A) Somatic mutations over 
PDX mouse passages. (B) Copy number profiles over PDX mouse passages. The circled numbers indicating patient cases are consistent with 
those of Fig. 2B. SNV, single nucleotide variation.

A

B

TP53
CSMD3

LRP1B
SYNE1
PKHD1
KMT2D

ADMTS20
ADGRL3

PTEN
NF1

EPHA5
KMT2C

EGFR
GRM8

TPR
NSD1

CTNNB1

Patient
PDX passage

SNVs

Multiple dup. 1-copy dup. 1-copy del. 2-copy del.

https://doi.org/10.5808/GI.2020.18.1.e36 / 8

Kim J et al. • Genetic profile of PDX mice in lung cancer

http://orcid.org/0000-0003-3418-4875
http://orcid.org/0000-0001-5118-9534
http://orcid.org/0000-0002-3828-0453
http://orcid.org/0000-0001-9230-7461


vation Program of the Ministry of Trade, Industry and Energy 
(Grant No. 10050154); and the National Research Foundation 
(NRF-2018M3C9A5064705), Republic of Korea. The genomic 
data were obtained from the Genome-InfraNet (ID: 10050154) at 
Korean Bioinformation Center. 

Supplementary Materials 

Supplementary data including two tables can be found with this 
article at https://doi.org/10.5808/GI.2020.18.1.e3.  

References 

1. Bray F, Ferlay J, Soerjomataram I, Siegel RL, Torre LA, Jemal A. 
Global cancer statistics 2018: GLOBOCAN estimates of inci-
dence and mortality worldwide for 36 cancers in 185 countries. 
CA Cancer J Clin 2018;68:394-424. 

2. Sculier JP, Berghmans T, Meert AP. Advances in target therapy in 
lung cancer. Eur Respir Rev 2015;24:23-29. 

3. Golding B, Luu A, Jones R, Viloria-Petit AM. The function and 
therapeutic targeting of anaplastic lymphoma kinase (ALK) in 
non-small cell lung cancer (NSCLC). Mol Cancer 2018;17:52. 

4. Lin JJ, Shaw AT. Recent advances in targeting ROS1 in lung can-
cer. J Thorac Oncol 2017;12:1611-1625. 

5. Ricciuti B, Brambilla M, Metro G, Baglivo S, Matocci R, Pirro M, 
et al. Targeting NTRK fusion in non-small cell lung cancer: ratio-
nale and clinical evidence. Med Oncol 2017;34:105. 

6. Bruna A, Rueda OM, Greenwood W, Batra AS, Callari M, Batra 
RN, et al. A biobank of breast cancer explants with preserved in-
tra-tumor heterogeneity to screen anticancer compounds. Cell 
2016;167:260-274. 

7. Karamboulas C, Bruce JP, Hope AJ, Meens J, Huang SH, Erd-
mann N, et al. Patient-derived xenografts for prognostication and 
personalized treatment for head and neck squamous cell carcino-
ma. Cell Rep 2018;25:1318-1331. 

8. Gao H, Korn JM, Ferretti S, Monahan JE, Wang Y, Singh M, et al. 
High-throughput screening using patient-derived tumor xeno-
grafts to predict clinical trial drug response. Nat Med 
2015;21:1318-1325. 

9. Hammerman PS, Hayes DN, Grandis JR. Therapeutic insights 
from genomic studies of head and neck squamous cell carcino-
mas. Cancer Discov 2015;5:239-244. 

10. Campbell KM, Lin T, Zolkind P, Barnell EK, Skidmore ZL, Win-
kler AE, et al. Oral cavity squamous cell carcinoma xenografts re-
tain complex genotypes and intertumor molecular heterogeneity. 
Cell Rep 2018;24:2167-2178. 

11. Shultz LD, Lyons BL, Burzenski LM, Gott B, Chen X, Chaleff S, 

et al. Human lymphoid and myeloid cell development in NOD/
LtSz-scid IL2R gamma null mice engrafted with mobilized hu-
man hemopoietic stem cells. J Immunol 2005;174:6477-6489. 

12. Conway T, Wazny J, Bromage A, Tymms M, Sooraj D, Williams 
ED, et al. Xenome: a tool for classifying reads from xenograft 
samples. Bioinformatics 2012;28:i172-178. 

13. Li H. Aligning sequence reads, clone sequences and assembly 
contigs with BWA-MEM. Preprint at http://arxiv.org/abs/1303. 
3997 (2013). 

14. Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. 
The Sequence Alignment/Map format and SAMtools. Bioinfor-
matics 2009;25:2078-2079. 

15. Van der Auwera GA, Carneiro MO, Hartl C, Poplin R, Del Angel 
G, Levy-Moonshine A, et al. From FastQ data to high confidence 
variant calls: the Genome Analysis Toolkit best practices pipeline. 
Curr Protoc Bioinformatics 2013;43:11.10.1-11.10.33. 

16. Cibulskis K, Lawrence MS, Carter SL, Sivachenko A, Jaffe D, 
Sougnez C, et al. Sensitive detection of somatic point mutations 
in impure and heterogeneous cancer samples. Nat Biotechnol 
2013;31:213-219. 

17. Wang K, Li M, Hakonarson H. ANNOVAR: functional annota-
tion of genetic variants from high-throughput sequencing data. 
Nucleic Acids Res 2010;38:e164. 

18. Magi A, Tattini L, Cifola I, D’Aurizio R, Benelli M, Mangano E, et 
al. EXCAVATOR: detecting copy number variants from 
whole-exome sequencing data. Genome Biol 2013;14:R120. 

19. Fu S, Zhao J, Bai H, Duan J, Wang Z, An T, et al. High-fidelity of 
non-small cell lung cancer xenograft models derived from bron-
choscopy-guided biopsies. Thorac Cancer 2016;7:100-110. 

20. Fujii E, Kato A, Chen YJ, Matsubara K, Ohnishi Y, Suzuki M. 
Characterization of EBV-related lymphoproliferative lesions aris-
ing in donor lymphocytes of transplanted human tumor tissues 
in the NOG mouse. Exp Anim 2014;63:289-296. 

21. Dieter SM, Giessler KM, Kriegsmann M, Dubash TD, Mohr-
mann L, Schulz ER, et al. Patient-derived xenografts of gastroin-
testinal cancers are susceptible to rapid and delayed B-lymphop-
roliferation. Int J Cancer 2017;140:1356-1363. 

22. Morgan KM, Riedlinger GM, Rosenfeld J, Ganesan S, Pine SR. 
Patient-derived xenograft models of non-small cell lung cancer 
and their potential utility in personalized medicine. Front Oncol 
2017;7:2. 

23. Chakravarty D, Gao J, Phillips SM, Kundra R, Zhang H, Wang J, 
et al. OncoKB: a precision oncology knowledge base. JCO Precis 
Oncol 2017 May 16 [Epub]. https://doi.org/10.1200/PO.17. 
00011. 

24. Rhodes DR, Kalyana-Sundaram S, Mahavisno V, Varambally R, 
Yu J, Briggs BB, et al. Oncomine 3.0: genes, pathways, and net-

Genomics & Informatics 2020;18(1):e3

7 / 8https://doi.org/10.5808/GI.2020.18.1.e3

https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.3322/caac.21492
https://doi.org/10.1183/09059180.00011014
https://doi.org/10.1183/09059180.00011014
https://doi.org/10.1186/s12943-018-0810-4
https://doi.org/10.1186/s12943-018-0810-4
https://doi.org/10.1186/s12943-018-0810-4
https://doi.org/10.1016/j.jtho.2017.08.002
https://doi.org/10.1016/j.jtho.2017.08.002
https://doi.org/10.1007/s12032-017-0967-5
https://doi.org/10.1007/s12032-017-0967-5
https://doi.org/10.1007/s12032-017-0967-5
https://doi.org/10.1016/j.cell.2016.08.041
https://doi.org/10.1016/j.cell.2016.08.041
https://doi.org/10.1016/j.cell.2016.08.041
https://doi.org/10.1016/j.cell.2016.08.041
https://doi.org/10.1016/j.celrep.2018.10.004
https://doi.org/10.1016/j.celrep.2018.10.004
https://doi.org/10.1016/j.celrep.2018.10.004
https://doi.org/10.1016/j.celrep.2018.10.004
https://doi.org/10.1038/nm.3954
https://doi.org/10.1038/nm.3954
https://doi.org/10.1038/nm.3954
https://doi.org/10.1038/nm.3954
https://doi.org/10.1158/2159-8290.CD-14-1205
https://doi.org/10.1158/2159-8290.CD-14-1205
https://doi.org/10.1158/2159-8290.CD-14-1205
https://doi.org/10.1016/j.celrep.2018.07.058
https://doi.org/10.1016/j.celrep.2018.07.058
https://doi.org/10.1016/j.celrep.2018.07.058
https://doi.org/10.1016/j.celrep.2018.07.058
https://doi.org/10.4049/jimmunol.174.10.6477
https://doi.org/10.4049/jimmunol.174.10.6477
https://doi.org/10.4049/jimmunol.174.10.6477
https://doi.org/10.4049/jimmunol.174.10.6477
https://doi.org/10.1093/bioinformatics/bts236
https://doi.org/10.1093/bioinformatics/bts236
https://doi.org/10.1093/bioinformatics/bts236
http://arxiv.org/abs/1303.
3997
http://arxiv.org/abs/1303.
3997
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1093/bioinformatics/btp352
https://doi.org/10.1002/0471250953.bi1110s43
https://doi.org/10.1002/0471250953.bi1110s43
https://doi.org/10.1002/0471250953.bi1110s43
https://doi.org/10.1002/0471250953.bi1110s43
https://doi.org/10.1038/nbt.2514
https://doi.org/10.1038/nbt.2514
https://doi.org/10.1038/nbt.2514
https://doi.org/10.1038/nbt.2514
https://doi.org/10.1093/nar/gkq603
https://doi.org/10.1093/nar/gkq603
https://doi.org/10.1093/nar/gkq603
https://doi.org/10.1186/gb-2013-14-10-r120
https://doi.org/10.1186/gb-2013-14-10-r120
https://doi.org/10.1186/gb-2013-14-10-r120
https://doi.org/10.1111/1759-7714.12291
https://doi.org/10.1111/1759-7714.12291
https://doi.org/10.1111/1759-7714.12291
https://doi.org/10.1538/expanim.63.289
https://doi.org/10.1538/expanim.63.289
https://doi.org/10.1538/expanim.63.289
https://doi.org/10.1538/expanim.63.289
https://doi.org/10.1002/ijc.30561
https://doi.org/10.1002/ijc.30561
https://doi.org/10.1002/ijc.30561
https://doi.org/10.1002/ijc.30561
https://doi.org/10.3389/fonc.2017.00002
https://doi.org/10.3389/fonc.2017.00002
https://doi.org/10.3389/fonc.2017.00002
https://doi.org/10.3389/fonc.2017.00002
https://doi.org/10.1200/PO.17.00011
https://doi.org/10.1200/PO.17.00011
https://doi.org/10.1200/PO.17.00011
https://doi.org/10.1200/PO.17.00011
https://doi.org/10.1593/neo.07112
https://doi.org/10.1593/neo.07112


works in a collection of 18,000 cancer gene expression profiles. 
Neoplasia 2007;9:166-180. 

25. Ananda G, Mockus S, Lundquist M, Spotlow V, Simons A, Mitch-

ell T, et al. Development and validation of the JAX Cancer Treat-
ment Profile for detection of clinically actionable mutations in 
solid tumors. Exp Mol Pathol 2015;98:106-112. 

https://doi.org/10.5808/GI.2020.18.1.e38 / 8

Kim J et al. • Genetic profile of PDX mice in lung cancer

https://doi.org/10.1593/neo.07112
https://doi.org/10.1593/neo.07112
https://doi.org/10.1016/j.yexmp.2014.12.009
https://doi.org/10.1016/j.yexmp.2014.12.009
https://doi.org/10.1016/j.yexmp.2014.12.009
https://doi.org/10.1016/j.yexmp.2014.12.009


1 / 9

2020, Korea Genome Organization
This is an open-access article distributed 
under the terms of the Creative Commons 
Attribution license (http://creativecommons.
org/licenses/by/4.0/), which permits unre-
stricted use, distribution, and reproduction 
in any medium, provided the original work is 
properly cited.

Introduction 

Genomic characterization of the somatic landscape is essential for the robust clinical eval-
uation and classification of pediatric leukemias [1]. Somatic variants can inform both di-
agnosis and prognostication, as well as guide therapy decisions [2]. The development 
and validation of new targeted therapies for pediatric leukemias is dependent on the avail-
ability of pre-clinical models capable of recapitulation of the disease. Patient-derived or-
thotopic xenograft models (PDX) are routinely used in disease modeling for preclinical 
drug evaluation [3]. Although several studies have been conducted to understand the sta-
bility and suitability of PDX models, the majority of these efforts have focused on adult-de-
rived leukemias and the characterization of single nucleotide variants (SNVs) [4]. 

Chromosomal rearrangements generating gene fusions and other structural variants 

Acute leukemia represents the most common pediatric malignancy comprising diverse sub-
types with varying prognosis and treatment outcomes. New and targeted treatment op-
tions are warranted for this disease. Patient-derived xenograft (PDX) models are increas-
ingly being used for preclinical testing of novel treatment modalities. A novel approach in-
volving targeted error-corrected RNA sequencing using ArcherDX HemeV2 kit was em-
ployed to compare 25 primary pediatric acute leukemia samples and their corresponding 
PDX samples. A comparison of the primary samples and PDX samples revealed a high con-
cordance between single nucleotide variants and gene fusions whereas other complex 
structural variants were not as consistent. The presence of gene fusions representing the 
major driver mutations at similar allelic frequencies in PDX samples compared to primary 
samples and over multiple passages confirms the utility of PDX models for preclinical drug 
testing. Characterization and tracking of these novel cryptic fusions and exonal variants in 
PDX models is critical in assessing response to potential new therapies. 

Keywords: error-corrected sequencing, genomics, patient derived xenograft models, pediat-
ric cancers, structural variants  
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(StVs) are more common in pediatric malignancies compared to 
adults [5]. These StVs and SNVs have demonstrated a different 
landscape for diagnostic, prognostic, and therapeutic value. Of 
note, pediatric leukemias are genomically heterogenous and re-
quire a broad spectrum of molecular biology techniques to fully 
characterize. Additionally, StVs are difficult to identify via short 
read DNA-seq approaches, and recent research has demonstrated 
the power and utility of identifying SNVs in RNA molecules [6]. 

Acute lymphoblastic leukemia (ALL) is the most common type 
of cancer in children and adolescents. ALL represents 20% of all 
cancers diagnosed in individuals with less than 20 years of age [7]. 
In general, survival in ALL has improved significantly over the past 
40 years with more than 90% of patients now surviving. Acute my-
eloid leukemia (AML) is the second most common type of leuke-
mia diagnosed in children. AML has an overall survival rate that is 
less than 65%. In all children with AML, and many with ALL, sur-
vival comes at the expense of intensive chemotherapy. New strate-
gies are needed, as are preclinical models that reflect the clinical 
disease. 

The goal of this study was to characterize complex genomic vari-
ants in pediatric leukemias and describe and monitor these vari-
ants in preclinical PDX models in comparison with the primary 
samples. The ability to track complex genomic lesions in primary 
samples and across passage in PDX lines is essential in ensuring 
that that the model can be used for biologic and therapeutic mod-
eling. RNA next generation sequencing (NGS) techniques enable 
a sensitive and broad approach for analyzing complex genomic le-
sions and identifying clinically relevant novel somatic mutations 
associated with pediatric leukemias. 

Methods 

Patient samples and consent 
All samples used in this study were procured by the Nemours Bio-
bank following written informed consent. For majority of samples, 
leukemic cells were isolated from human bone marrow aspirates 
with the exception of NTPL-59 and NTPL-109, which were iso-
lated from apheresis products by Ficoll density gradient centrifu-
gation and provided to us under an Institutional Review Board ap-
proved protocol (Nemours Office of Human Subjects Protection 
IRB# 267207). Summary of the subject’s characteristics are pre-
sented in Table 1. 

Generation of PDX models 
PDX models were generated as described previously [8] using a 
protocol approved by the Nemours Institutional Animal Care and 
Use Committee. Leukemic cells from patient samples were injected 

into immune-deficient NSG-B2m mice (stock no. 010636, Jackson 
Laboratories, Bar Harbor, ME, USA) via the tail vein. Disease pro-
gression was examined by determination of the percentage of hu-
man leukemic cells in mouse peripheral blood by flow cytometry. 
Mice were closely monitored for experimental endpoints such as 
increased leukemic burden, weight loss greater than 20% body 
weight, hunched back, and impaired mobility. Mice meeting end 
point criteria were euthanized using a method consistent with the 
guidelines of the American Veterinary Medical Association. Leuke-
mic cells were isolated from the femurs and spleen post euthanasia 
and used for serial transplantation in a new cohort of mice. Bioau-
thentication and validation of PDX sample with matching primary 
sample was performed by subjecting the DNA samples to AmpFIS-
TR Identifiler PCR Amplification Kit (Applied Biosystems, Foster 
City, CA, USA).

Error-corrected sequencing library preparation and 
sequencing 
To optimize detection of structural and copy number variants in 
RNA we prepared RNA–error-corrected sequencing libraries us-
ing the ArcherDX (Boulder, CO, USA) FusionPlex HemeV2 Kit 
(catalog no. AB0012) per manufacturer’s protocols. Total RNA 
was extracted using RNeasy Mini Kit (Qiagen, Hilden, Germany). 
Nucleic acid quantity and quality was then assessed using the Agi-
lent (Santa Clara, CA, USA) TapeStation 4200 following the man-
ufacturer’s protocol and using the High Sensitivity RNA Screen 
Tape (catalog no. 5067-5579). cDNA was made from 50 ng of 
RNA using the QIAseq kit. Each library was sequenced on the Il-

Table 1. Summary of leukemic samples utilized

Patient characteristic AML ALL
No. 5 20
Age (yr), median (range) 10 (1.5-14) 5.5 (1-16)
Sex
 Male 40 55
 Female 60 45
Race
 Caucasian 60 35
 African American 0 25
 Hispanic 20 20
Samples collected at diagnosis 80 95
Cytogenetically normal (by karyotype 

analysis)
0 55

Bone marrow origin 100 90
Peripheral blood origin 0 10
Average leukemic blast percentage 76 78

Values are presented as percentage unless otherwise indicated.
AML, acute myeloid leukemia; ALL, acute lymphoblastic leukemia.
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lumina NextSeq platform (San Diego, CA, USA). The gene fusion 
data produced by the Archer panel was initially correlated with di-
agnostic fluorescence in situ hybridization data available for each 
primary sample.  

Bioinformatics 
The data was processed via ArcherDX Analysis platform (v5.1.3), 
hosted in the cloud by Amazon Web Services, including fastq trim-
ming, read deduplication, genome alignment, and variant detec-
tion and annotation. The analysis pipeline contains the following 
applications: ABRA [9], bamaddrg, bcftools, bedtools, blast [10], 
bowtie2 [11], bwa, EMBOSS, fastqc, freeBayes [12], Lofreq [13], 
MiXCR [14], Muscle, samtools, VEP [15], Velvet [16], HTSeq 
[17], complete-striped-smith-waterman-library, JBrowse [18], 
JQuery DataTables, Django Solo, and plot.js. 

Fastq files were analyzed via fastqc for library quality, and error 
corrected reads (hamming distance of 2) were aligned to the ge-
nome build hg19 using BWA and bowtie2, and alignment files 
were processed via GATK best practices [19]. SNVs and short In-
Dels ( ≤ 20 bp) were detected from the genomic alignments 
(forced reference mapping) by freeBayes and Lofreq, whereas 
large structural variants and cryptic fusions were detected via de 
novo assembly approaches. A minimum of three reads per unique 
molecular barcode (UMI) was required for the downstream pro-
cess of de-duplication and error-correction [20]. Variants were fil-
tered based on depth of error-corrected sequencing bins, mini-
mum of 3, that supported the call. All regions in which variants 
called required a total read depth > 100 × , and a minimal base 
quality score (phred) of 20 was applied. The ExAC database was 
used to annotate common variants. 

Variant allele frequencies (VAF) were calculated for SNVs based 
on number reads mapped to that location supporting the alterna-
tive allele versus the total number of reads mapped to that genome 
location. VAFs for StVs are calculated by analyzing the number of 
reads supporting the wild type sequence/junction, compared to 
the number of reads supporting the novel junction. R statistics was 
used for making scatter plots, specifically ggplot2 [21]. Alignment 
files (bam) were visualized via integrative genome browser (IGV). 
The fastq data is publicly available via short read archives under 
the following accession number (will add upon acceptance of 
manuscript). 

Results 

Comparison of RNA StVs and SNVs between primary and 
PDX AML samples 
To determine the concordance of RNA variants between primary 

and PDX samples for pediatric AML, a targeted RNA sequencing 
panel approach (HemeV2; ArcherDx) was utilized. In this report, 
we analyzed 5 AML primary-PDX sample pairs, and in total 31 al-
lelic specific SNVs were identified with the following distribution: 
1 frameshift, 11 missense, 2 splice region and 17 untranslated re-
gion (UTR) variants (Supplementary Table 1). Five UTR variants 
were present at a VAF of 1 in both primary and PDX AML sam-
ples. The absolute change in VAFs between primary and PDX 
samples was less than 0.2 for 27 SNVs. A few variants increased in 
VAF in the PDX (MYC, CDKN2A, and NOTCH1), other variants 
reduced in VAF in PDX samples (CCND3 and ABL2) (Fig. 1A, 
Supplementary Table 1). 

VAFs for all RNA StVs including gene fusions and alternative exon 
usage variants were graphed between the primary and PDX AML 
samples and results are displayed (Fig. 1B). Four unique gene fu-
sions (KMT2A-MLLT1, KMT2A-MLLT3, NUP-98-NSD1, and the 
reciprocal NSD1-NUP98) were identified in the primary AML sam-
ples and PDX samples. Additionally, 5 exon duplications/deletions 
were identified in CEBPA and IRF4 (Supplementary Table 2). 

Multiple retained introns (n = 14) were identified in the 5 pri-
mary and PDX AML samples in the following genes: ZCCHC7, 
ABL1, JAK2, IRF8, TAL1, CEBPG, ETV6, KMT2A, MLLT10, 
KLF2, and PRDM16 (Supplementary Table 2). The SNVs were 
more concordant between primary and PDX samples compared 
to StVs (Pearson correlation coefficient, 0.91; p =  5.12e-13 and 
0.43; p =  0.036 respectively). Among the StVs, fusions were iden-
tified at similar VAFs in primary and PDX samples, whereas the al-
ternative exon usage variants showed greater variability. Interest-
ingly, the 2 AML samples with KMT2A gene rearrangements 
(NTPL-146 and NTPL-377) showed higher level of concordance 
between VAFs for StVs as well as SNVs. 

Comparison of RNA StVs and SNVs between primary and 
PDX T-ALL and B-ALL samples 
To determine the concordance of RNA variants between primary 
and PDX samples for pediatric ALL, samples target RNA sequenc-
ing approach was utilized. The correlation coefficients of VAF be-
tween primary and PDX T-cell ALL (T-ALL) samples identified 
across 3 primary and PDX T-ALL samples were similar between 
SNVs and StVs (Pearson correlation coefficient, 0.88; p =  6.12e-
10 and 0.73; p =  0.003 respectively) (Fig. 2). In total, 25 allelic 
specific RNA SNVs were identified in the primary and PDX 
T-ALL samples: 3 frameshift, 8 missense, and 14 UTR variants. 
Six UTR variants had VAF =  1 in primary and PDX T-ALL sam-
ples. Three variants had absolute VAFs greater than 0.25; 1 of these 
SNVs (NOTCH1 frameshift variant) reduced in VAF in PDX sam-
ples, while 2 (CEBPA missense variants) showed gains in PDX 
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Allelic specific single nucleotide variants in AML samples

Allelic specific single nucleotide variants in T-ALL samples

STIL-TAL1 gene fusion detected in T-ALL samples

Structural RNA variants detected in AML samples
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Fig. 1. Summary of primary and xenograft RNA variants in acute myeloid leukemia (AML). (A) Allelic specific single nucleotide variants. 
Variant allele frequency (VAF) at time of diagnosis, x-axis is plotted versus the VAF in the xenograft model, y-axis. (B) Structural RNA 
variants. VAF at time of diagnosis, x-axis is plotted versus the VAF in the xenograft model, y-axis. PDX, patient-derived xenograft.

Fig. 2. Summary of primary and xenograft RNA variants in T-cell acute lymphoblastic leukemia (T-ALL). (A) Allelic specific single nucleotide 
variants. Variant allele frequency (VAF) at time of diagnosis, x-axis is plotted versus the variant allele frequency in the xenograft model, 
y-axis. (B) Structural RNA variants. VAF at time of diagnosis, x-axis is plotted versus the VAF in the xenograft model, y-axis. (C) STIL-TAL1 
gene fusion identified in 2 of the T-ALL samples. PDX, patient-derived xenograft.
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samples. NTPL-454 had a strong correlation between SNV VAFs 
in the primary and PDX models (Fig. 2A; green line), whereas 
NTPL-59 and NTPL-300 were not as consistent with VAFs for 
SNVs. 

In total 14 StVs were identified in the primary and PDX models 
for T-ALL samples; 4 unique fusions (STIL-TAL1, SPTAN1- 
ABL1), 7 retained introns (EIF4A, IRF8, KMT2A, NF1, SETD2), 
and 3 molecules with exon duplications (BCL11B and ZCCH7). 
NTPL-300 was the most concordant for VAF of StVs in primary 
and PDX T-ALL samples (Fig. 2B). Of interest, 2 of the T-ALL 
samples had a STIL-TAL gene fusion, which was recently pub-
lished as a potential driver / founder event [22]. 

The correlation between VAF from primary to PDX samples 
was analyzed for RNA StVs and SNVs in 17 B-cell ALL (B-ALL) 
samples. In total 114 RNA SNVs were identified in the primary 
and PDX B-ALL samples, and of those variants 4 were frameshift, 
25 missense, 5 splice region, 2 stop gained and the rest were UTR 
variants (Supplementary Table 1). Twenty-two UTR variants 
(RUNX1, IKZF3, CHIC2, CCND2, BCL2) were detected at iden-
tical VAF of 1 in primary and PDX B-ALL samples. Five variants 
(4.4%) had VAFs greater than 0.25; CHID1, ABL2 UTR variants 
showed decreased VAF, and BCR , CCND2, NOTCH1 SNVs 
showed increased VAF in PDX samples. 

The correlation between SNV VAFs from primary to PDX 

B-ALL samples was higher than the correlation between StV VAFs 
(Pearson correlation coefficient, 0.93; p =  2.2e-16 and 0.5; p =  
9.5e-8, respectively) (Fig. 3A, B). Eight of 17 samples possessed a 
gene fusion (BCR-ABL1, ETV6-RUNX1, P2RY8-CRLF2, RUNX1-
MKL1, TCF3-HLF, TCF3-PBX1). The VAFs for StVs, especially 
the alternate exon usage variants, were more variable in these sam-
ples, similar to AML samples. Interestingly, 15 out of 18 of the 
B-ALL samples had a retained intron in ZCCHC7 involving intron 
2, which was persistent in PDX samples (Fig. 3B). Two AML and 
1 T-ALL sample also showed a similar retained intron variant 
(Supplementary Table 2). ZCCHC7 intron 2 has been mapped to 
hotspot for breakpoints in B-ALL [23]. ZCCHC7 topped the wa-
terfall graph used to analyze and visualize the most commonly al-
tered genes in B-ALL samples (Fig. 4). 

Discussion 

Sequencing of primary acute leukemia patient samples and match-
ing PDX samples showed concordance between the detected vari-
ants and their allelic frequencies for the majority of variants tested. 
The percentage of all variants with absolute delta VAFs < 0.2 was 
86.7%. This percentage was higher in SNVs (93.6%) compared to 
StVs (79.6%) across all primary and PDX samples analyzed. Among 
the different categories of StVs, the allelic frequencies of fusion 

A Allelic specific single nucleotide variants in B-ALL Structural RNA variants detected in B-ALL samplesB

Fig. 3. Summary of primary and xenograft RNA variants in B-cell acute lymphoblastic leukemia (B-ALL). (A) Allelic specific single nucleotide 
variants. Variant allele frequency (VAF) at time of diagnosis, x-axis is plotted versus the VAF in the xenograft model, y-axis. (B) Structural 
RNA variants. VAF at time of diagnosis, x-axis is plotted versus the VAF in the xenograft model, y-axis. PDX, patient-derived xenograft.
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genes, which are considered to be driver mutations, matched most 
consistently between the primary and PDX samples (Fig. 5). Our 
data validate this novel sequencing approach for detection and track-
ing of diverse variants in primary leukemic samples and correspond-
ing PDX lines. 

We identified several SNVs, but no StVs, with sustained VAF =  
1 in primary and PDX samples across all leukemia subtypes. These 
SNVs in genes ABL1, BCL2, CCND2, CHIC2, IKZF3, RUNX1, 
and MECOM, likely represent the germline mutations. Several 
germline variants, including UTR variants have been shown to be 
associated with disposition to hematological malignancies [24]. 

Future characterization of these variants will determine the rele-
vance of these germline UTR variants. 

Retained intron variants were detected in all samples except 
NTPL-59. Retention of introns serves as another mode of regula-
tion of gene expression [25]. Alternative splicing of multi-exon 
genes in patients with AML compared to normal CD34+ cells has 
been observed [26]. Such alternative exon usage variants were as-
sociated with oncogene expression and drug resistance [27]. Fur-
ther work is required to understand the biological and clinical sig-
nificance of alternative exon usage variants. 

As we have shown previously, error-correction via the introduc-

Fig. 4. Waterfall graph for single nucleotide variants (SNVs) and structural variants (StVs) detected in B-cell acute lymphoblastic leukemia  
samples. Genes with either a coding SNV or StV were plotted (y-axis) per sample (x-axis). Mutations are colored based on type.
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Fig. 5. Comparison of variant allele frequencies of structural variants between primary bone marrow samples (x-axis) and matched 
xenograft sample (y-axis). (A) The variant allele frequencies for all gene fusions were plotted between the primary and xenograft model (R2 
= 0.7634). (B) The variant allele frequencies for all retained introns were plotted between the primary and xenograft model (R2 = 0.2906). 
(C) The variant allele frequencies for all exon deletion were plotted between the primary and xenograft model (R2 = 0.0078). (D) The variant 
allele frequencies for all exon duplications were plotted between the primary and xenograft model (R2 = 0.0118).

tion of a nucleic acid-specific UMI allows the removal of NGS er-
rors, retaining only true mutations and significantly improving the 
sensitivity of NGS [28-30]. In this study, we paired the error-correc-
tion strategy with anchored-multiplexed PCR (AMP) chemistry for 
the quantitative detection of complex structural RNA variants. Re-
cently Benayed et al. [31] published an RNA sequencing approach 
similar to the one outlined in this manuscript (MSK targeted RNA 
panel using ArcherDx), and demonstrated that their MSK-IMPACT 
DNA panel missed cancer-related and targetable mutations in great-
er than 15% of lung cancer patients. They leveraged ArcherDx Fu-
sionPlex technology (identical to our approach) to identify these 
cases. Additionally, several recent studies have demonstrated the use 
of AMP technology (ArcherDx) for identifying rare and complex 
structural variants in pediatric cancers [32,33]. 

Taken together, advanced sequencing techniques are required to 
accurately detect and annotate complex StVs that are commonly 
associated with pediatric leukemias. Such complex variants, in-
cluding StVs, are not detectable using DNA and short read se-
quencing technology such as Illumina sequencing platform. Addi-

tionally, the RNA molecules that are generated from these com-
plex genomic rearrangements can be difficult to capture. Using an 
RNA sequencing approach with AMP technology and short read 
sequencing platform described in this study, pediatric PDX mod-
els could be appropriately characterized and validated for concor-
dance of somatic mutations with respect to primary samples. Such 
analysis is not feasible using standard DNA sequencing tech-
niques. This is one of the first reports to describe pediatric PDX 
samples using an RNA sequencing approach. 
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Ulcerative colitis is a form of inflammatory bowel disease characterized by chronic inflam-
mation of the colon and rectum. The abnormal lesions in the digestive system caused by 
ulcerative colitis and intermittent colitis are of major clinical importance. MDM2 is a phos-
pho-protein that functions as a ubiquitin ligase for p53. Recently, a T>G substitution in the 
promoter of the MDM2 gene (rs309) has been identified. In this case-control study, 174 
ulcerative colitis biopsy samples and 82 control samples were collected from colonoscopy 
centers, hospitals, and clinics in Mazandaran and Gilan Provinces in Iran from October 
2014 to May 2015. This MDM2 polymorphism was investigated in DNA samples (extracted 
from biopsy samples) by amplification-refractory mutation system polymerase chain reac-
tion. The mean age of patients with ulcerative colitis was 46.5 years (range, 28 to 69 years) 
and that of control individuals was 45.3 years (range, 26 to 71 years). Seventy-eight pa-
tients (44.82%) were men and 96 (55.18%) were women. The distribution of the TT, TG, 
and GG genotypes was 17.93%, 27.59%, and 34.48%, respectively, in the ulcerative colitis 
patients and 31.70%, 24.40%, and 43.90%, respectively, in the control individuals (odds 
ratio of GG for ulcerative colitis, 7.142; 95% confidence interval, 2.400 to 9.542; p = 
0.001). It was found that a single-nucleotide polymorphism at rs309 in the MDM2 gene 
was associated with ulcerative colitis. A direct relationship was found between age and ul-
cerative colitis, while no relationship was found with sex. This finding is of note because 
the occurrence of intestinal inflammation and subsequent ulcers can precede the develop-
ment of cancer. 

Keywords: inflammatory bowel disease, malignant, MDM2, polymorphism, ulcerative colitis
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Introduction 

Inflammatory bowel disease (IBD) is a complex disease that results from an inappropri-
ate immune system response to intestinal bacteria [1]. IBD is generally subdivided into 
Crohn disease and ulcerative colitis . Ulcerative colitis is characterized by chronic inflam-
mation of the colon and rectum, whereas Crohn disease can affect the entire digestive 
system. The role of genetic factors in these conditions was first raised by epidemiological 
studies that reported familial associations of these diseases [2]. 

Ulcerative colitis is a chronic inflammatory disease that affects the entire colon [3]. In 
ulcerative colitis, inflammation is classically confined to the colon, is typically persistent, 
and begins in the rectum [4]. The presence of  abnormal gastrointestinal lesions in pa-
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tients with ulcerative colitis and intermittent colitis is of major 
clinical importance, and many gastroenterologists therefore per-
form upper endoscopy to obtain a definitive diagnosis in patients 
with IBD [5]. 

The risk factors for ulcerative colitis appear to be related to 
changes in the intestinal microbiome or disorders in the intestinal 
mucosa [6,7]. Intestinal infections, non-steroidal anti-inflammatory 
drugs, and antibiotics all contribute to the development of IBD 
[7,8]. 

MDM2 is a phospho-protein and a ubiquitin ligase for p53 that 
is responsible for inhibiting p53 activity and promoting its destruc-
tion [9]. Recently, a T > G substitution in the MDM2 gene promot-
er (rs309) has been identified. This substitution is associated with 
increased expression of MDM2, which accelerates the formation of 
several types of tumors, resulting in a tendency for them to occur at 
a younger age [10]. These findings underscore the importance of 
this polymorphism as an important factor that can affect the fre-
quency of cancer in a population, the age of cancer in individuals, 
and individuals’ responses to cancer treatment [11]. 

The rs309 locus in the second promoter region of the MDM2 
gene, which is associated with increased expression of this gene, 
may have potential as a molecular target for cancer susceptibility 
and as suitable tumor marker. If a polymorphism is present at the 
rs309 position of the MDM2 gene (i.e., a T > G conversion in this 
promoter region), the binding affinity of the SP1 transcription fac-
tor activator to this region is significantly increased, which increas-
es MDM2 gene expression. This means that an individual with a 
TT genotype for this polymorphism has a baseline expression lev-
el of the MDM2 gene, but in an individual with the TG genotype, 
the G allele increases MDM2 gene expression, and this expression 
is even more dramatically increased in individuals with a GG phe-
notype. Due to the inhibitory effect of MDM2 on p53, an increase 
in MDM2 expression leads to a decrease in the intracellular 
amount of p53 protein, which is a key regulator of the response to 
cellular damage. Under usual circumstances, levels of the p53 pro-
tein are increased 5- to 14-fold when cellular damage occurs, but 
they are reduced by 2 to 3 times if the G allele is present in the 
rs309 locus of MDM2, which leads to increased levels of the 
MDM2 protein [12]. The overall aim of this study was to investi-
gate the rs309 polymorphism of MDM2 and its association with 
ulcerative colitis, and a secondary aim was to explore the associa-
tion between this polymorphism and the risk of cancer. 

Methods 

Sample selection method 
In this case-control study, 174 ulcerative colitis biopsy samples and 

82 control samples were collected from colonoscopy centers, hos-
pitals, and clinics in Mazandaran and Gilan Provinces, Iran from 
October 2014 to May 2015. Patients’ history, including age, sex, 
place of residence, and severity of illness was obtained, the diagno-
sis was confirmed by the treating physician, and a consent form 
and questionnaire were obtained. Then, in the colonoscopy proce-
dure, some of the intestinal tissue was removed, transferred to ster-
ile vials, and stored at –20°C until DNA extraction. 

MDM2 rs309 polymorphism 
The amplification-refractory mutation system polymerase chain 

reaction (ARMS-PCR) technique was used to study nucleotide 
changes in the MDM2 gene. In this technique, the reaction can be 
performed in a tube. In this study, the ARMS technique was used 
to determine the presence of the T > G point mutation with two 
primer pairs (Tables 1 and 2). 

A proliferation fragment of 224 bp should be seen in all samples 
as an indicator of the accuracy of PCR. The expected results of 
ARMS-PCR in this study included the normal genotype (TT), as 
well as the TG and GG mutant genotypes. After PCR, the prod-
ucts were separated on an agarose gel by electrophoresis and then 
bands were observed using ultraviolet visualization (Fig. 1).  

Statistical analysis  
The statistical analysis was conducted using SPSS version 22 (IBM 
Corp., Armonk, NY, USA) and p-values of < 0.05 were considered 
to indicate statistical significance. 

Table 1. The sequences of the primers used in this study

Primer name Direction Primer sequences
MDM2(M) Forward (1) 5´ GGGGGCCGGGGGCTG CGG GGC CGT TT 3´
MDM2(M) Reverse (1) 5´ TGC CCACTG AAC CGG CCC AAT CCC…CAG 

3´
MDM2(C) Forward (2) 5´ GGC AGT CGC CGC CAG GGA GCA GGG 

CGG 3´
MDM2(C) Reverse (2) 5´ ACC TGC CAT CAT CCG GAC CTC CCG…TGC 

3´

Table 2. Thermocycler program for MDM2 gene amplification

No. Stage Temperature (°C) Time
1 Initial denaturation 95 15 min
2 Denaturation 95 45 s
3 Annealing 64 45 s
4 Extension 72 1 min
5 Final extension 72 7 min
Cycles (2-4) 35
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Results 

The characteristics of the participants with ulcerative colitis and 
the control sample are summarized in Table 2. The mean age of 
the patients with ulcerative colitis was 46.5 years (range, 28 to 69 
years) and that of the control individuals was 45.3 years (range, 26 
to 71 years). 

The presence of ulcerative colitis was significantly related with 
age (p <  0.05 [chi-square test]). However, it was not significantly 
related with sex (p >  0.05 [chi-square test]) (Table 3). 

Association of the MDM2 polymorphism with the risk of 
ulcerative colitis 
Table 4 shows the allelic frequency of the MDM2 rs309 polymor-
phism and the distribution of genotypes. The G allele was present 
in 48.27% of the ulcerative colitis patients and in 56.09% of the 
control individuals. The distribution of the MDM2 genotype in 
the ulcerative colitis patients was as follows: TT, 37.93%; TG, 
27.59%; and GG, 34.48%. This was significantly different from the 
distribution in the control individuals (GG genotype: 34.48% vs. 
43.90%; p <  0.05). 

People with the GG phenotype of the MDM2 gene were more 
prone to ulcerative colitis (odds ratio, 7.142; 95% confidence in-
terval, 2.400 to 9.542) than those with the TT genotype. The het-
erozygous genotype of this polymorphism did not show a clear re-
lationship with the risk of ulcerative colitis, but we could nonethe-
less identify the G allele as risky (Table 4). 

Discussion 

In 2005, Sotamaa et al. [13] conducted a study on the MDM2 
gene polymorphism at rs309 in patients with intestinal cancer that 
included 93 patients and 100 controls. The allelic frequencies of 
polymorphisms in the patients and control individuals showed 
Hardy-Weinberg equilibrium, and there was no significant rela-
tionship between age and occurrence of this polymorphism [13]. 

In our study, the polymorphism at this locus was investigated 
using ARMS-PCR, and a significant relationship was found be-
tween the presence of the GG genotype and the incidence of ul-
cerative colitis disease. A significant relationship was also found 
between age and ulcerative colitis , but no significant relationship 
was found for sex. 

In 2014 study by Enokida et al. [14] on the rs309 MDM2 gene 
polymorphism in lung cancer, the distribution of genotypes 
showed no significant difference between lung cancer patients and 
controls (patients: TT, 20.1%; TG, 49.7%; and GG, 30.2%; con-

Fig. 1. Amplification-refractory mutation system polymerase chain 
reaction technique of MDM2 codon 309 polymorphism. Line 1, 224 
bands of PCR accuracy and 158 bands of homozygous dominant 
(GG); line 2, 224 bands PCR accuracy and 158 homozygous 
dominant (GG) bands; line 3, 224 bands PCR 122 and 158 
heterozygous TG bands; line 4, 224 bands PCR accuracy and 122 TT 
homozygous recessive bands; line M, molecular marker 100 bp.

Table 3. Demographic characteristics of patients with ulcerative 
colitis and controls

Characteristic Case Control χ2

Total (n=256) 174 82
Age (yr)
 ≤50 110 (63.2) 48 (58.5) 0.006
 >50 64 (36.8) 34 (41.5)
Sex
 Male 78 (44.8) 28 (34.1) 0.4
 Female 96 (55.2) 54 (65.9)

Values are presented as number (%).

Table 4. Genotype and allele frequency of MDM2 in patients with 
ulcerative colitis and controls

Genotype Case
(n =  174)

Control
(n =  82) OR (95% CI)

MDM2 codon 309 7.142 (2.400-9.542)
 TT 66 (38.0) 26 (31.7)
 TG 48 (27.6) 20 (24.4)
 GG 60 (34.5) 36 (43.9)
 G allele frequency 48.27 56.09

OR, odds ratio; CI, confidence interval.
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trols: TT, 21.7%; TG, 47.9%; and GG, 30.4%). 
In our study, we found that there was a significant relationship 

between age and genotype, our results were inconsistent with 
some previous studies. The distribution of the MDM2 genotype 
in ulcerative colitis patients was as follows: TT, 37.93%; TG, 
27.59%; and GG, 34.48%. This distribution was significantly dif-
ferent from that observed in controls (TT, 31.70%; TG, 24.40%; 
and GG, 43.90%). 

Mutations in the P53 gene have been identified in most human 
cancers, as well as in its downstream signaling pathways, which are 
mediated by the P21 and MDM2 genes; therefore, proper func-
tioning of all three genes is important for the normal function of 
cells. Consequently, when mutations in any of these genes disrupt 
critical signaling pathways, they can result in malignancies in hu-
man cells [11].  

Many studies have found MDM2 gene mutations in the intesti-
nal system to be associated with cancer [15]. In the current study, 
the overall aim was to investigate the polymorphism of this gene at 
rs309 and its association with ulcerative colitis, but a secondary 
goal was to explore the association between this polymorphism 
and the risk of cancer. 

Since the distribution of the MDM2 polymorphism in individu-
als with ulcerative colitis was approximately the same as, it can be 
concluded that ulcerative colitis precedes the development of ul-
cers into malignancies. 

In this study, it was found that the T > G polymorphism at the 
rs309 locus of the MDM2 gene was associated with ulcerative coli-
tis through a statistical analysis. A direct relationship was found 
between age and ulcerative colitis, while no relationship was found 
for sex. 

Since this gene is directly associated with carcinogenesis (muta-
tion and loss of function), it can be concluded that the occurrence 
of intestinal inflammation and subsequent ulceration lays the 
groundwork for subsequent cancer. 
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The explosive growth of next-generation sequencing data has resulted in ultra-large-scale 
datasets and ensuing computational problems. In Korea, the amount of genomic data has 
been increasing rapidly in the recent years. Leveraging these big data requires researchers 
to use large-scale computational resources and analysis pipelines. A promising solution for 
addressing this computational challenge is cloud computing, where CPUs, memory, storage, 
and programs are accessible in the form of virtual machines. Here, we present a cloud 
computing-based system, Bio-Express, that provides user-friendly, cost-effective analysis 
of massive genomic datasets. Bio-Express is loaded with predefined multi-omics data anal-
ysis pipelines, which are divided into genome, transcriptome, epigenome, and metagenome 
pipelines. Users can employ predefined pipelines or create a new pipeline for analyzing 
their own omics data. We also developed several web-based services for facilitating down-
stream analysis of genome data. Bio-Express web service is freely available at https://www.
bioexpress.re.kr/. 
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Introduction 

Next-generation sequencing (NGS) technology has revolutionized the researches in biol-
ogy and medicine during the last decade. It is routinely used in genomics field, and explo-
sive growth of NGS data has resulted in ultra-large-scale datasets and various computa-

Received: January 9, 2020 
Revised: February 29, 2020 
Accepted: March 11, 2020 

*Corresponding author: 
E-mail: bulee@kribb.re.kr  

eISSN 2234-0742
Genomics Inform 2020;18(1):e8
https://doi.org/10.5808/GI.2020.18.1.e8

Original article

www.bioexpress.re.kr/.
www.bioexpress.re.kr/.


tional problems [1]. Public archives for sequencing data such as 
the Sequence Read Archive have grown rapidly and now exhibit a 
doubling time of 10–18 months [2]. In Korea, genomic data have 
been increasing rapidly in recent years. As of February 2020, ap-
proximately 277 TB of genomic data have been deposited in Korea 
Bioinformation Center (KOBIC) database. 

It is not easy for typical researchers to analyze these massive ge-
nomic datasets. To obtain results from the data, researchers need to 
use high-performance computing (HPC) environments with suffi-
cient storage space and CPU cores. In addition, the difficulties in 
creating complicated computational pipelines and maintaining 
software packages tend to overwhelm bench biologists and prevent 
them from attempting to analyze their own genomic data [3]. De-
spite the availability of a vast set of computational tools and meth-
ods for genomic data analysis in public, it is still challenging for a 
genomic researcher to organize these tools, integrate them into 
workable pipelines, find accessible computational platforms, con-
figure the computing environment, and perform the actual analysis. 

A promising solution to address this computational challenge is 
cloud computing, where CPUs, memory, and storage are accessi-
ble in the form of virtual machines [4]. The cloud computing, by 
definition, refers to the on-demand delivery of IT resources and 
applications via the Internet [5]. The Software as a Service (SaaS) 
cloud service for applications provides the perfect solution for the 
analysis of massive genomic datasets. SaaS is a method of software 
delivery in the IT field that allows data to be accessed from any de-
vice with an Internet connection and web browser. In recent years, 
cloud computing has rapidly emerged as a viable option for quick-
ly and easily acquiring computational resources and pipelines for 
large-scale NGS data analyses [6]. 

The parallelism techniques in HPC infrastructure are used to 
process all the produced data in a feasible time [7]. Parallel com-
puting is a type of computation in which many calculations or the 
execution of processes are carried out simultaneously. However, it 
is still challenging to integrate bioinformatics experiments with 
parallel techniques in the HPC environments. Many applications 
developed for the analysis of genomic data are either tools running 
only on a parallel platform, such as a MapReduce platform, or gen-
eral-purpose (mainly Linux-based) programs. It is crucial to inte-
grate these two types of platform-based applications on a single 
pipeline. 

In this study, we present Bio-Express, a software package for de-
ploying an on-demand computing cloud with minimal user inter-
vention. The goal of Bio-Express is to provide a web-based analysis 
environment in which all genomic researchers, including those 
with limited or no programming knowledge, can easily analyze 
their own genomic data. The Bio-Express Graphic User Interface 

(GUI) provides a workflow editor in which users can simply use a 
predefined analysis pipeline or create a multistep analysis pipeline 
using preinstalled programs. The analysis pipelines on Bio-Express 
are exactly reproducible, and all analysis parameters and inputs are 
permanently recorded. Bio-Express makes it simple to perform a 
multistep analysis using simple drag and drop functionality. We also 
developed several web-based services for facilitating downstream 
analysis of genome data such as gene-set enrichment analysis. 

Methods 

Hardware 
All runs of analysis pipelines on Bio-Express are performed on a 
cluster of five master nodes and 33 data nodes. The hardware sys-
tem of Bio-Express consists of 800 core CPUs, 2 TB of memory, 
and 800 TB of disk storage in total. Each node has an Intel Xeon 
E502690 v2 3.0 GHz CPU, 96 GB of memory, and 28 TB of disk 
storage. The data node HDD configuration consists of the Ha-
doop Distributed File System and a solid-state drive (SSD) cache. 
The node manager handles the individual data nodes in a Hadoop 
cluster.  

Graphic User Interface (GUI)  
The GUI workspace of Bio-Express consists of eight panels: the 
user’s projects, the file explorer, the canvas, the analysis programs 
of the current pipeline, the program parameter settings, the pipe-
line panel, the program panel, and the job execution history (Fig. 
1). Among these panels, the canvas is the most important panel 
and is used for creating and modifying workflows by arranging and 
connecting activities to drive processes. The canvas provides the 
working surface for creating new workflows or editing predefined 
ones. The canvas makes it simple to perform multistep analyses 
using drag and drop functionality. 

Pipelines 
The workflows, or analysis pipelines, in the canvas are commonly 
depicted as directed acyclical graphs, in which each of the vertices 
has a unique identifier and represents a task to be performed. Ad-
ditionally, each of the tasks in a workflow can receive inputs and 
produce outputs. The outputs of a task can be directed through 
another task as an input. An edge between two vertices represents 
the channeling of an output from one task into another. The edges 
determine the logical sequence. A task can be executed once all of 
its inputs can be resolved. If one of user pipeline programs fails, us-
ers can select the program of the pipeline to view more detailed in-
formation on errors, and resume the whole pipeline from the failed 
program after fixing the errors. 
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The transfer of data 
The bottleneck of cloud computing is the transfer of data into 
clouds. Therefore, we developed a fast file transfer tool, Gbox, for 
uploading massive genomic datasets to the cloud server from the 
user’s local computer and for downloading the resulting files to the 
local. The client program of Gbox can be downloaded from the 
website and be installed on the user’s computer. Gbox has a file 
transfer at a rate of approximately 10 Gigabits per second, capable 
of dealing with big data over the web. Currently, Gbox has no file 
size limitations and storage limit on the Bio-Express cloud server. 

Scalability 
Scalability is one of the most attractive prospects of cloud comput-
ing and provides a useful safety net when a user’s needs or de-
mands change. The resource and job manager of Bio-Express dis-
tributes computing resources to user jobs within a parallel com-
puting infrastructure. Its aim is to satisfy user’s demands for com-
putation and achieve a good performance in overall system’s utili-
zation by efficiently assigning jobs to resources. The resource and 
job manager analyzes the application performance during runtime 
and predicts the demand for load balancing, i.e., when to add/re-

move resources or redistribute workload. Thus the scalability of 
Bio-Express improves the execution speed of job by efficient as-
signment of computing resources. 

Results 

The analysis pipelines can be divided into two types: predefined 
and user-created. As of February 2020, Bio-Express contains ap-
proximately 170 analysis tools and 57 predefined analysis pipelines 
for genome, transcriptome, epigenome, and metagenome data. 
Users can employ a predefined pipeline suitable for their data by 
selecting a pipeline in the pipeline panel. If users want to create a 
new analysis pipeline, they can build their own pipeline either 
from scratch or by modifying a predefined pipeline. The following 
sections describe representative predefined analysis pipelines in 
the pipeline panel.  

Genome pipeline  
For the analysis of genome data and high-density single nucleotide 
polymorphism (SNP)-arrays, we developed 25 pipelines and pro-
grams, which can be grouped into seven categories: (1) discovery 

Fig. 1. The interface of the Bio-Express workspace. The Bio-Express workflow editor has eight panels: the user’s projects (A), the file explorer 
(B), the canvas (C), the analysis programs of the current pipeline (D), the program parameter settings (E), the pipeline list (F), the program list 
(G), and the job execution history (H).
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of variants for human, animal and plant data, (2) discovery of can-
didate genes from whole-exome sequencing data of rare diseases, 
(3) identification of somatic mutations, SNPs and short INDELs 
from cancer genomes, (4) clonality and evolutionary analysis of 
cancer genomes, (5) structural variation and copy-number analy-
sis of whole-genome sequencing data, (6) population genomic 
analysis of whole-genome sequencing data, and (7) association 
studies and genomic predictions from the high-density SNP-ar-
rays. We also developed two dockerized workflows that can be 
used for the discovery of SNPs, short INDELs, or copy-number 
variations from germline and somatic sample data, and for popula-
tion genomics analysis in evolutionary studies. The two docker-
ized workflows were developed using the Workflow Description 
Language, developed on the Data Sciences Platform at the Broad 
Institute. 

We developed two tools using genome data: GenoCore [8] and 
SEXCMD [9]. GenoCore is a new method for selecting a core 
collection using modified statistical measures related to genetic al-
lele coverage and diversity. It can be used to select core subsets 
from plant genotype datasets, which is important for increasing 
cost-effectiveness and shortening the time required for the analy-
ses of genome-wide association studies (GWAS), genomics-assist-
ed breeding of crop species, etc. SEXCMD is a pipeline that can 
extract sex marker sequences from reference sex chromosomes 

and rapidly identify the sex of individuals from whole-exome/ge-
nome and RNA sequencing (RNA-Seq) data. 

Transcriptome pipeline 
The analyzing an organism’s transcriptome is important for under-
standing the functional elements of a genome [10]. RNA-Seq is a 
deep-sequencing technique that can be used to explore and profile 
the entire transcriptome of any organism [11]. Fig. 2 shows a typi-
cal schematic overview of the RNA-Seq analysis pipeline on the 
canvas. The pipeline, often referred to as the tuxedo pipeline, in-
cludes five analysis tools: TopHat 2.1.1 [12], Cufflinks 2.1.1 [13], 
Cuffmerge 2.1.1, Cuffdiff 2.1.1, and limma voom 1.0 [14]. TopHat 
is a fast splice junction mapper that is used to align RNA-Seq reads 
to large genomes and analyze the mapping results to identify splic-
ing junctions between exons. Cufflinks is used to assemble these 
alignments into a parsimonious set of transcripts and then estimate 
the relative abundances of these transcripts. The main purpose of 
Cuffmerge is to merge several Cufflinks assemblies, making it easier 
to produce an assembly GTF file suitable for use with Cuffdiff. 
Cuffdiff is then used to identify significant changes in transcript ex-
pression, splicing, and promoter use. Finally, voom robustly esti-
mates the mean-variance relationship and generates a precision 
weight for each individual normalized observation, which can be 
used to calculate differentially expressed genes from transcript ex-

Fig. 2. Screenshot of the RNA-sequencing (RNA-Seq) schematic diagram and its pipeline. The RNA-Seq pipeline was implemented on the 
canvas.
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pression levels. Several other pipelines for RNA-Seq data analysis 
are available at Bio-Express, including MapSplice2-RSEM [15], 
Bowtie-EMSAR [16], STAR-HTSeq [17], and STAR-RSEM [18]. 

Epigenome pipeline 
Epigenetic changes, including histone modifications and DNA 
methylation, provide a differential gene regulatory mechanism 
without altering DNA sequences [19]. Histone modifications oc-
cur mostly at histone tails by acetylation, methylation, phosphory-
lation, and ubiquitination. The accurate mapping of the called 
peaks of these modification sites is a critical step for understanding 
epigenetic transcriptional regulation. A popular, fast applicable 
pipeline for histone modification mapping was established by 
comparing various peak calling programs such as CisGenome 
[20], MACS1 and MACS2 [21], PeakSeq [22] and SISSRs [23], 
RSEG [24], SICER [25], hiddenDomains [26], BroadPeak [27], 
PeakRanger-CCAT, and PeakRanger-BCP [28]. For the best per-
formance to define the exact binding sites of proteins in DNA, we 
tested 12 histone modifications using different peak calling pro-
grams, and we suggest the MAC2 program for narrow peak identi-

fication and PeakRanger-BCP for broad peak identification. The 
analysis pipeline for histone modifications is summarized in Fig. 3; 
the input files in fastq format are preprocessed by cudapt, fastq_
quality_filter, and paired_sequence_match.py and then read qual-
ity is tested with FastQC. After mapping reads onto the reference 
genome, peak calling or domain calling is followed by application 
of MACS2 or PeakRanger-BCP. The final output is produced with 
annotation information. This simple pipeline is open to the public 
under the Bio-Express portal provided by KOBIC. 

Metagenome pipelines 
The analysis of metagenome data can be categorized into three 
parts (Fig. 4): whole metagenome shotgun sequence data analysis 
(shotgun metagenomics), whole transcriptome shotgun sequence 
data analysis (RNA-Seq), and 16S rRNA gene amplicon sequence 
data analysis (16S sequencing). In shotgun metagenomics, there 
are three pipelines: the assembly-based gene profiling, scaf-
fold-binning, and reference-guided analysis pipelines. In the as-
sembly-based gene profiling pipeline, sequence reads are assem-
bled using SOAPdenovo-63mer [29]; gene regions in the assem-

Fig. 3. Workflow for the histone modification analysis pipeline. ChIP-Seq, chromatin immunoprecipitation sequencing.
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bled sequences are predicted using MetaGeneMark [18], and the 
functions of the gene regions are assigned by the BLAST program 
with the COG and GenBank nr databases. 

In the scaffold-binning pipeline, the coverage and GC content of 
the scaffolds are calculated, and taxonomic identifiers are assigned 
to the scaffolds using MEGAN [30] and HMMER 3.0 [31]. In the 
reference-guided analysis pipeline, sequence reads are mapped 
with the BWA program with reference genes or genomes. In the 
RNA-Seq category, sequence reads are mapped and normalized, 
statistical analyses are performed to identify differentially abun-
dant genes, and finally, the results are annotated. 

The 16S sequencing category is composed of three modules in 
sequential order: automatic platform-specific quality control 
(QC), community analysis, and statistical analysis and graphics. 
We developed a program, AutoQC, for the automatic plat-
form-specific QC module. AutoQC uses platform-specific condi-
tions to efficiently remove erroneous reads. AutoQC is freely avail-
able at https://sourceforge.net/projects/autoqc/. The community 
analysis module mainly reveals the microbial diversity and classifi-
cation of microbes using Mothur. In the statistical analysis and 
graphical statistical analyses like pMANOVA test [32] are per-

formed and the analysis results are visualized. 

Creating custom (user defined) pipelines 
Users can create a new pipeline to analyze their own data on the 
canvas. To create a new pipeline, users click the ‘New Pipeline’ but-
ton in the top menu and select an analysis pipeline type. Users will 
have only the [Start] and [End] modules on the canvas immedi-
ately upon creating a pipeline after selecting a ‘new analysis pipe-
line design’ in the project type. Users can drag and drop their de-
sired analysis programs from the list of analysis programs on the 
right of the canvas. After the positioning of a desired analysis pro-
gram on the canvas, when the users place the mouse over the edge 
of the analysis program icon, a connection mark will be created 
that can be drawn to the module. Starting from the mark, the con-
nector must be dragged until the icon of the next analysis program 
to be connected becomes translucent. Users can make connections 
to the start module, the analysis program and the end module us-
ing this method to perform the analysis. The path for the output 
file is automatically a sub-path of the project in setting the input 
data. Finally, the analysis pipeline is executed with a message that 
the analysis has started. The status of the project is displayed on a 

Fig. 4. Simplified workflow diagram of the metagenomics pipelines.
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real-time basis in three modes: Complete, Execute, and Wait. 
Users can see the final results by clicking the ‘Results’ icon on the 

menu and downloading them to the user’s local computer by click-
ing the ‘Download’ button on the menu bar. Bio-Express also allows 
users to view files in various formats including text, HTML, and 
PNG on the screen without having to download the files (Fig. 5).  

Web servers  
We have developed traditional web servers in which the input is a 
small amount of data such as a gene list. The traditional web serv-
ers do not provide automatic scalability to the applications which 
is the major feature of the cloud server [33]. The developed web 
servers are ADGO2 [34], ExPathNet [35], GSA-SNP [36], and 
Barcas [37]. 

ADGO2 provides biological interpretations of microarray data 
(gene-set enrichment approach) and a list of genes (gene list over-
representation approach) via composite annotation. ADGO2 also 
supports gene- or sample-permuting gene-set enrichment analysis 
for RNA-Seq count data. ExPathNet provides network-weighted 
gene-set clustering that incorporates both gene-set overlap and 

protein-protein interaction networks. GSA-SNP is standalone 
software that provides widely used GSA methods for SNP and 
GWAS data. GSA-SNP2 [38] is an improved version of GSA-SNP 
that provides fast high-power computation by incorporating the 
random set model and SNP-count adjusted gene scores. GSA-
SNP2 can also visualize protein interaction networks within and 
across the significant pathways. Barcas is pharmacogenomics data 
analysis software developed for the mapping and analysis of multi-
plexed barcode sequencing data. Barcas employs a trie data struc-
ture for fast mapping with mismatches allowed and provides many 
functions, including quality control, data analysis and visualiza-
tion. Table 1 shows the web servers used for gene-set, pathway, 
and pharmacogenomic data analysis. 

Comparison between Bio-Express and Galaxy 
We compared Bio-Express with Galaxy, an open source system 
that is the most widely used pipeline system and empowers 
non-computational users to do computational biology. We per-
formed a comparison experiment between Bio-Express and Gal-
axy with the same data and the same RNA-Seq pipeline. We used 

Fig. 5. Screenshot of Bio-Express results. Users can view files in various formats, including text, HTML, and PNG on the web.
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an RNA-Seq case-control sample data set: 42,112,235 paired-end 
case reads and 40,975,645 paired-end control reads. The total sam-
ple size of the case and the control reads is approximately 42 GB. 
We assigned four CPU cores and 16 GB of memory for a single 
RNA-Seq job. The same machine was used for the comparison. 
The execution of the RNA-Seq pipeline on the sample data using 
Bio-Express takes a total of 3 h 44 min. The execution time using 
Galaxy was 6 h 11 min, showing Bio-Express has approximately 
1.7 times better performance than Galaxy in the execution of the 
RNA-Seq pipeline. There are two main reasons for the difference 
in runtime between the two systems. As Galaxy internally process-
es intermediate data for data conversion after finishing each pipe-
line program, the execution time is slightly increased due to the in-
ternal process of each step. Secondly, Bio-Express has fast access to 
input and output data by fully utilizing the function of a SSD 
cache, compared to the Galaxy system. 

Discussion 

The substantial decrease in the cost of NGS techniques in the past 
decade has dramatically reshaped the genome research and has led 
to its rapid adoption in biological research. Nowadays, massive 
amount of data can be generated quickly using NGS platforms. 
These data range from the function and regulation of genes, the 
clinical diagnosis and treatment of diseases, to the omics profiling 
of individual patients for precision medicine. With the exponential 
increase in volume and complexity of NGS data, cluster or HPC 
systems are essential for the analysis of large amounts of NGS data. 
But the associated costs with the infrastructure itself and the main-
tenance personnel will likely be prohibitive for small institutions 
or laboratories. 

Cloud-based applications and resources have been developed 
specifically to address the computational challenges of working 
with very large volumes of data generated by NGS technology. 
Cloud computing has changed how we manage computational re-
sources. Increasingly cloud computing is also changing how large 
computational resources are organized and how scientists in ge-
nomics collaborate and deal with vast genome data sets. 

We presented a Hadoop based distributed computational frame-
work for large-scale genomic analysis, called Bio-Express, which 
incorporates a variety of tools and methods. Our system offers a 
variety of services to researchers. Firstly, Bio-Express allows ge-
nomic researchers without informatics or programming expertise 
to perform complex large-scale analysis with only a web browser 
using drag and drop functionality. Secondly, Bio-Express is a hy-
brid system that enables users to use both analysis programs pro-
viding traditional tools and MapReduce-based big data analysis 
programs simultaneously in a single pipeline. Lastly, we also devel-
oped a high-speed data transmission solution, Gbox, to transmit a 
large amount of data at a fast rate. 

In the future work, we continuing to add powerful pipelines and 
programs including the most popular sequence and genome anal-
ysis algorithms, and to enable accessible and reproducible genom-
ic science. Secondly, we plan to create a framework with both cli-
ent-side and server-side components that simplifies the develop-
ment of web-based visual applications. Visualization and visual 
analysis are important tools in high-throughput genomics experi-
ments because large datasets do not need to be downloaded. Last-
ly, we will create a standalone installation package of Bio-Express. 
The increasingly large size of many datasets and moving the huge 
datasets is one particularly challenging aspect of current and future 
genomic science. Hence, local Bio-Express installations near the 
data are likely to become more prevalent because it makes more 
sense to run Bio-Express locally as compared to moving the data 
to a remote Bio-Express server. 
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Table 1. Web servers for gene-set, pathway, and pharmacogenomic data analysis

Tool Main function Web address
ADGO2 Gene-set analysis of microarray data http://www.btool.org/ADGO2
ExPathNet Gene-set analysis with network-weighted clustering http://epn.appex.kr/epn/
GSA-SNP2 Gene-set analysis of GWAS summary data https://sites.google.com/view/gsasnp2
Barcas Software for analyzing barcode-seq data http://medical-genome.kribb.re.kr/barseq/

GWAS, genome-wide association studies.
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Transposable elements (TEs) constitute approximately half of Bovine genome. They can be 
a powerful species-specific marker without regression mutations by the structure variation 
(SV) at the time of genomic evolution. In a previous study, we identified the Hanwoo-spe-
cific SV that was generated by a TE–association deletion event using traditional PCR meth-
od and Sanger sequencing validation. It could be used as a molecular marker to distinguish 
different cattle breeds (i.e., Hanwoo vs. Holstein). However, PCR is defective with various 
final copy quantifications from every sample. Thus, we applied to the droplet digital PCR 
(ddPCR) platform for accurate quantitative detection of the Hanwoo-specific SV. Although 
samples have low allele frequency variation within Hanwoo population, ddPCR could per-
form high sensitive detection with absolute quantification. We aimed to use ddPCR for 
more accurate quantification than PCR. We suggest that the ddPCR platform is applicable 
for the quantitative evaluation of molecular markers. 

Keywords: droplet digital PCR, Hanwoo-specific marker, structure variation  
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Introduction 

Hanwoo (Bos taurus coreanae) is a domesticated mammal that has been used for agricul-
ture and transportation since 5,000 years ago [1]. As the Korea economy developed in 
1960, it began to provide as one of food resources [2]. In particular, Hanwoo is consumed 
more beef than other cattle breeds in Korea [3]. This consumption pattern has led to the 
emergence of research on the development of molecular makers that distinguish between 
Hanwoo and other cattle breeds [4-6]. 

In a recent study, they investigated Hanwoo-specific structural variation (SV) using 
BreakDancer program (ver 1.1) to distinguish between Hanwoo and Holstein [7]. The 
SVs typically included insertion, deletion, inversion, translocation, and copy-number 
variation [8-10]. SVs could affect much greater genomic function and gene expression 
than single nucleotide variants [11]. In this respect, the previous study focused on trans-
posable element (TE)-mediated deletion events. Thus, Park et al. [7] identified an au-
thentic Hanwoo-specific deletion locus that was confirmed by PCR and Sanger sequenc-
ing. It can be utilized to distinguish between Hanwoo and Holstein species. However, 
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PCR has several defects in detecting DNA amplification. For ex-
ample, contaminated sample including trace amounts of DNA 
might lead to misleading outputs [12]. In addition, the specificity 
of the PCR product could be affected by non-specific binding of 
the primers to other similar sequences on the template DNA [12]. 
Complementing these drawbacks, the quantitative PCR (qPCR) 
could estimate target DNA quantity using either a fluorescent dye 
(e.g., SYBR Green) that non-specifically intercalates with double-
stranded DNA (dsDNA) or TaqMan probe assay. Nevertheless, 
most qPCR methods rely on the precise number of copies 
compensated by calibrator, assuming no loss of calibrator mole-
cules during the all experimental steps [13]. However, errors can 
occur at several levels [14,15]. In addition, the qPCR has the fol-
lowing disadvantages. (1) The accuracy of qPCR depends on 
proper experimental design based on well-established reference 
genes. (2) For absolute quantification, you should create a stan-
dard curve for data normalization based on changes in the tran-
scription level of the reference gene [16]. 

The droplet digital PCR (ddPCR) is one of next-generation tech-
nologies for absolute quantification of nucleic acids [17]. It counted 
the fluorescent PCR-positive and PCR-negative droplets to calculate 
target DNA concentration and thus absolute quantification was di-
rectly estimated as the exact number of copies without the aid of 
calibration curve [15]. Currently, seven commercial digital PCR 
systems (Thermo Fisher Quantstudio 3D, Fluidigm BioMark qdP-
CR 37K, Formulatrix Constellation, JN Medsys Clarity, Bio-Rad 
QX200, Raindance Raindrop plus, and Stilla Naica) are available 
[18]. Among them, the Stilla Naica System for Crystal Digital PCR 
[19] has a predominant feature of step emulsion generators. It is 
not necessary to do the flow of oil by developing the Sapphire chip, 
which development has simplified the operation and reduced po-
tential contamination. 

This study uses ddPCR, the Stilla Naica System for Crystal Dig-
ital PCR, to overcome the limitations of PCR and to accurately 
evaluate the Hanwoo-specific SV locus that was identified in the 
previous study [7]. We suggest that the ddPCR platform can be 
used as a quantitatively and numerically sensitive method with 
molecular markers. 

Methods 

The five brown Hanwoo DNAs and five Holstein DNAs were ex-
tracted from blood samples using the DNeasy Blood & Tissue kit 
according to the manufacture’s instruction (Qiagen, Hilden, Ger-
many). All research protocols and animal experiments in this study 
were reviewed and approved by the Institutional Animal Care and 
Use Committee (IACUC) in Gyeongsangbuk-do, Republic of Ko-

rea (Gyeongbuk IACUC-87). Next, we confirmed the PCR ampl-
icon pattern of the “Del_96” locus [7] from all samples by PCR. 
The Hanwoo samples showed a polymorphic pattern of PCR 
products (680 bp/310 bp) generated by TE-association deletion 
event. However, Holstein samples contained no the deleted allele, 
so only PCR products of 680 bp are observed (Fig. 1A). 

To more accurately detect the Hanwoo-specific SV, we have ap-
plied the “Del_96” locus [7] to the ddPCR platform (Stilla Tech-
nologies, Villejuif, France). The FAM primer set and FAM probe 
(Thermo Fisher Scientific, Waltham, MA , USA) were used for the 
detection of both Hanwoo and Holstein genomes. The VIC prim-
er set and VIC probe (Thermo Fisher Scientific) were designed at 
the boundary of Hanwoo-specific deletion (Fig. 1B). Thus, we de-
signed that the FAM primer set and FAM probe were detected in 
all cattle DNAs (positive control). The VIC primer set and VIC 
probe were designed to detect fluorescence only in the Hanwoo 
cattle. We followed the manufacturer’s instructions for experi-

A
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DC2 DC5 DCM
2

DCM
3

DCM
5

Holstein 
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Fig. 1. Structural variation of the Hanwoo and Holstein genomes. 
(A) Polymorphic pattern of the Del_96 locus in the Hanwoo and 
Holstein cattle samples [7]. Gel chromatography showed that five 
Hanwoo samples (left panel) contained heterozygous alleles (680 
bp and 310 bp) but five Holstein samples (right panel) had no the 
deleted allele (680 bp). (B) To analyze absolute quantification using 
droplet digital PCR assay, the FAM probe (blue box) was designed 
to detect all cattle genome (positive control). The VIC probe (green 
box) was designed in boundary of Hanwoo-specific deletion 
(Del_96).
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menting with the ddPCR platform. Prior to the experiment, we 
confirmed the quantification of Hanwoo and Holstein DNAs us-
ing Qubit 4.0 Fluorometer (Thermo Fisher Scientific) with 1 ×  
dsDNA HS (high-sensitivity) assay kit (Thermo Fisher Scientific) 
for dsDNA measurement. 

The ddPCR reaction mixture (25 µL) contained 12.5 µL of Per-
feCta qPCR ToughMix UNG 2 ×  (Quanta Biosciences, Gaithers-
burg, MD, USA), 2.5 µL of 100 nM of Fluorescein (VWR Interna-
tional, West Chester, PA, USA), 1.25 µL of primer set/VIC probe 
(final concentration of 900 nM/250 nM, respectively), 50 ng DNA, 
and nuclease-free water up to 25 µL. The reaction mixtures were 
loaded into wells of Sapphire chip (Stilla Technologies), respectively. 
Then, the chips are placed into the Naica Geode equipment and we 
launched the combined partitioning and thermocycling program. 
The ddPCR condition was initial denaturation step of 3 min at 
95°C, followed by 45 cycles of 95°C for 10 s and 60°C for 15 s, with 
a release step for 33 min to down temperature and pressure. 20,000 
to 30,000 droplets are created from each sample. At the end of tem-
plate amplification from the separated droplets, the chips were trans-
ferred to the Naica Prism3 reader. Finally, extracted fluorescence val-
ues for each droplet were analyzed using the Crystal Miner software 
(Stilla Technologies). Thresholds were set using the automation 
tools available in the Crystal Miner software. 

Results and Discussion 

Hanwoo-specific deletion locus (Del_96 region) was found in a 
previous study by comparing the cattle genomes with whole-ge-
nome sequencing data and proved by PCR and Sanger sequencing 
methods [7]. It has been reported that the Del_96 region occurred 
through nonallelic homologous end-joining between LINE 
(BovB) and unique sequence only in the Hanwoo genome [7]. It 

can be used as a powerful marker for distinguishing Hanwoo and 
Holstein (Fig. 1A). Even though validation experiment based on 
PCR method used in their study are easy to perform at small sam-
ple size, the PCR method can be affected by nonspecific binding 
of primer set to similar sequences on the gDNA [12]. To over-
come the shortcomings of the PCR method and apply next-gener-
ation technology, we try to verify the Hanwoo-specific deletion re-
gion by a ddPCR assay. 

To perform the ddPCR assay, we designed two probes (Supple-
mentary Table 1). One designed a positive control probe (FAM 
dye; blue) to detect all cattle genomes, and the other to a Han-
woo-specific deletion boundary site (VIC dye; green) (Fig. 1B). 
DNA templates from five Hanwoo and five Holstein blood sam-
ples were conducted to the ddPCR assay with designed primer/
probe sets. The extracted DNAs should be assessed for accurate 
quantification using a UV spectrophotometer (NanoDrop, Ther-
mo Fisher Scientific) and an intercalating reagent reaction with the 
dsDNA (Qubit assay). In particular, it is important to quantify 
dsDNA because dsDNA of total DNA actually reacts in the ddP-
CR assay (Table 1) [20]. 

The Stilla Naica system yields between 20,000 and 30,000 ana-
lyzable droplets. In this study, we generate an average approximate-
ly 22,392 of droplets using the Stilla Naica system (Table 2). Thus, 
there are enough droplets to analyze the absolute copy number. As 
shown in Fig. 2, FAM dye was detected in all cattle genomes and 
VIC dye showed significant detection only in the Hanwoo sam-
ples. It suggests that all Hanwoo genomes contain the specific de-
letion sequence (Del_96 region). Signals of VIC dye were detect-
ed on average 243 Channel concentration (copy/μL) in the Han-
woo samples. However, an average of 0.12 Channel concentration 
(copy/μL) VIC dye signals, which were very few and insignificant 
droplets, were also detected in the Holstein samples. In the previ-

Table 1. Cattle gDNA quality control and dsDNA concentration

Sample name
Microvolume spectrometer

Qubit fluorescence 4.0 dsDNA concentration (ng/μL)
Concentration (ng/μL) A260/A280 A260/A230

Hanwoo_#16 33.2 1.92 1.1 30.5
Hanwoo_#23 35.1 1.83 1.26 16.7
Hanwoo_#289 35.1 2.01 1.8 41.1
Hanwoo_#296 23.8 1.7 1.74 22.6
Hanwoo_#303 18.8 1.78 1.76 16
Holstein_DC2 36.6 1.87 1.8 33.4
Holstein_DC5 85.5 1.91 1.64 37.5
Holstein_DCM2 34 1.93 1.18 28
Holstein_DCM3 29.2 1.91 1.67 28.2
Holstein_DCM5 25.5 1.63 1.38 25.8

gDNA, genomic DNA; dsDNA, double-stranded DNA.
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stein samples was statistically sufficient to distinguish them. Our 
results show that the ddPCR assay is very appropriate to distin-
guish between Hanwoo and Holstein cattle. On the other hand, 
the signals of the FAM dye were detected on average 253.5 Chan-
nel concentration (copy/μL) in the Hanwoo samples and an aver-
age of 516.7 Channel concentration (copy/μL) FAM dye signals 
were also detected in the Holstein samples (Fig. 3). As shown in 
Fig. 1B, we designed a FAM probe/primer set for the sequence 
that exist within Hanwoo-specific deletion region. Thus, the copy 
numbers that were detected by FAM dye signal were observed two 
times more in Holstein samples than Hanwoo samples. 

ous study, the Del_96 region deleted from the Hanwoo genome 
was reported to occur in one of the transposable elements, the 
BovB element region. At present, the cattle reference genome 
(bosTau9 version) has not well annotated the segmental duplica-
tion region and TE positions. Therefore, it is important to consid-
er that VIC probe designed in the TE region can detect non-spe-
cific signals on sequences with high similarity. In addition, the sig-
nals obtained from these droplets could be recognized as false sig-
nals due to the abnormally high fluorescence intensity measured 
in ddPCR assay [21,22]. Nevertheless, the difference in the aver-
age number of VIC dyes detected between the Hanwoo and Hol-

Table 2. Statistical result of the ddPCR assay

Sample name Total No. of 
droplets

FAM dye VIC dye
Channel concentration 

(copy/μL)
No. of positive

droplets p-value Channel concentration 
(copy/μL)

No. of positive
droplets p-value

NTC 23,549 0 0 N/A 0 0 N/A
Hanwoo_#16 23,782 266.3 3,436 0.0335 253.2 3,279 0.0343
Hanwoo_#23 24,123 247 3,250 0.0344 244.8 3,223 0.0346
Hanwoo_#289 23,601 255 3,275 0.0343 234.2 3,026 0.0357
Hanwoo_#296 23,568 252.6 3,242 0.0345 245 3,152 0.0349
Hanwoo_#303 22,839 246.5 3,071 0.0354 236.2 2,952 0.0361
Holstein_DC2 25,068 524.1 6,628 0.0242 0.07 1 1.96
Holstein_DC5 20,006 516 5,220 0.0272 0.09 1 1.96
Holstein_DCM2 19,341 511.3 5,007 0.0278 0.26 3 1.132
Holstein_DCM3 20,577 527.9 5,474 0.0266 0.08 1 1.96
Holstein_DCM5 19,863 504.2 5,081 0.0276 0.09 1 1.96

ddPCR, droplet digital PCR; N/A, not available.
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Fig. 2. 1D-Dot plot display of mono-color droplet fluorescence intensity. The dots indicate each droplet that was detected by FAM (left plot) 
and VIC (right plot) dyes using the droplet digital PCR assay. (A) The X- and Y-axis indicate the name of each sample and the number of 
droplets with positive fluorescence intensity with the FAM probe (blue color), respectively. (B) The X- and Y-axis indicate the name of each 
sample and the number of droplets with positive fluorescence intensity with the VIC probe (green color).
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In ddPCR assay, DNA is divided into numerous wells or drop-
lets, and the concentration of target region is absolute quantified 
using Poisson statistics [23,24]. The ddPCR assay can be quanti-
fied with high accuracy in counting single molecules and analyzing 
a small number of copies of a particular population [25,26]. How-
ever, consumable and equipment cost for ddPCR are still expen-
sive compared to those of qPCR. 

For the ddPCR technology, accurate quantification of absolute 
copy number is a key feature. In the near future, by applying spe-
cies-identifying makers to ddPCR, it has significant potential as a 
platform for species identification at large sample sizes. Taken to-
gether, we propose that ddPCR is suitable as a platform for verify-
ing species-specific markers.  
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In this paper, we propose a new approach to detecting outliers in a set of segmented ge-
nomes of the flu virus, a data set with a heterogeneous set of sequences. The approach has 
the following computational phases: feature extraction, which is a mapping into feature 
space, alignment-free distance measure to measure the distance between any two seg-
mented genomes, and a mapping into distance space to analyze a quantum of distance 
values. The approach is implemented using supervised and unsupervised learning modes. 
The experiments show robustness in detecting outliers of the segmented genome of the flu 
virus. 

Keywords: composite data point, distance space, flu virus, Mosaab-metric space, outliers, 
statistical learning  
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Introduction 

Recent years have witnessed a dramatic increase in the amount of genome data that is 
submitted to on-line databases. Analyzing sequence-based datasets is the aim of sequence 
analysis and biodata mining research fields. The engineering solutions have not been 
achieved to analyze data sets with heterogeneous feature. In other words, the datasets un-
der consideration are sets of sequences with different biological functions and different 
base-composition distributions. The problem under consideration has several computa-
tional challenges. The first challenge is the representation of the inner information struc-
ture of a segmented genome of flu virus in feature spaces. Another challenge is to define a 
metric and metric space to measure the distance between any two information structures 
that are embedded in a well-defined feature space or composite feature space, and the 
third challenge is to analyze a quantum of distance values in distance space. The approach 
that we propose in this paper is alignment-free approach, which is different from classical 
alignment approaches in terms of time complexity, selectivity, and sensitivity analysis. 

At this point, the structure of this paper can be summarized as follows. In next subsec-
tion, we shall present a review of the existing approaches to tackle related research prob-
lems. In section (Methods), we shall present the approaches of detecting outliers in seg-
mented genomes of the flu virus. The experiments and results are presented in section 
(Results). Finally, conclusions and future work will be presented in section (Discussion). 

The related work 
The Influenza virus is a highly mutated virus. It has a negative impact on the human pop-
ulation. Consequently, it has a negative impact on public health and the economy. The vi-
rus has a segmented genome that can be encoded to 10–11 proteins. The virus is classi-
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fied into types and subtypes. The variation in the base composition 
of the surface proteins haemagglutinin (HA) and neuraminidase 
(NA) indicates the type and the subtype of the influenza virus [1]. 

The influenza virus is a negative stranded RNA-virus. It is classi-
fied under the family Orthomyxoviridae. The virus has three types 
A, B, and C. The most variable type is the influenza virus A com-
pared to other types [2]. The accumulation of point mutation in 
the HA and NA surface proteins causes an antigenic drift. The 
evolution process is a continuous or discrete in real time. It takes 
place on the genetic information of the virus. Consequently, it pro-
duces new distinct strains. 

An alignment-free sequence comparison analysis is a new devel-
oping research direction. It has the potential of solving the se-
quence proximity problem with less time complexity compared to 
the alignment-based analysis [3]. There are several strengths be-
hind this fact: we can project those sequences into several feature 
spaces to detect the information structure in various ways. This 
approach helps research in bioinformatics and biotechnology 
fields to gather more information about sequences or genomes. 
Mapping those sequences into feature spaces in a format of da-
ta-vectors allows the computational research community to imple-
ment a wide range of techniques in data mining, machine learning, 
and statistical learning in feature spaces, which are behind the ca-
pacity of alignment-based techniques [4]. No prior biological as-
sumptions about sequences are required to implement align-
ment-free techniques, while the alignment-based techniques have 
to be implemented with pre-assumptions about the inheritance of 
sequences. In this context, two concepts are arising: homogeneous 
and heterogeneous sequences under consideration. Moreover, the 
alignment-free techniques can be implemented when the align-
ment-based techniques are inapplicable. 

Any biosequence is linear in time. Therefore, the sequential rela-
tion is the most promising feature in biosequences [5]. Biose-
quences are drawn from finite alphabets. Any biosequence can be 
mapped into a feature space using n-grams technique as feature ex-
traction technique. The computational mechanism of this tech-
nique can be implemented in different ways. Without loss of gen-
erality, assume that we have a sliding window of length W, moving 
a sliding window from one end to another to estimate the relative 
frequency of the occurrences of n-grams. The sliding window can 
be shifted by a shift distance α. Local statistical information about 
biosequences can be extracted in this way. The distance between 
any two sequences can be measured in a feature space by measur-
ing the distance between the frequency distributions (i.e., data 
vectors) of the two sequences. There are several similarity/dis-
tance measures that can be used to measure the distance between 
data-vectors that are extracted using n-grams. The extraction can 

be achieved either using frequency distribution or relative frequen-
cy distribution. A distance function D() is a mapping from a well 
defined domain to measure the proximity between two entities 
(e.g., two vectors or sequences) into the interval [0,∞]. D() is a 
metric if it is satisfying the following conditions: positivity, sym-
metry, and triangular inequality [5]. The similarity measure S() is 
a mapping into the interval [0, 1], where the value 0 represents the 
lowest similarity and the value 1 represents the highest similarity. 
There are a number of distance measures that can be implemented 
in measuring the proximity between any two sequences without 
using alignment. Those measures are either similarity measures or 
distance measures. 

One of the distance measures used in multivariate analysis is the 
angle cosine between two data-vectors [6]. Each data-vector rep-
resents a sequence, and the proximity of two sequences is mea-
sured by the angle cosine. The measure detects the differences be-
tween two data-vectors, where each data vector represents the rela-
tive occurrences of selected n-grams. The measure is not sensitive 
to repetition of motifs. In information theory, the Kullback-Leibler 
discrepancy is a well-known measure and it measures the diver-
gence between two probability distributions, where each probabil-
ity distribution represents a sequence, and defined as the occur-
rences of selected n-grams in a sequence. 

Han et al. [7] proposed an alignment-free sequence comparison 
method to detect the dissimilarity between any two sequences. The 
defined distance is based on two factors: the relative frequency dis-
tribution of n-grams as a data-vector and the position information 
as a normalized average data-vector. The distance measure is de-
fined as a weighted distance measure, and the weights are defined 
in terms of variations of those two factors in a selected genome set. 
The computational mechanism used in this method is a win-
dow-based mechanism. Finally, the phylogenetic tree is composed 
based on the distance values of the proposed distance measure. 

Daoud [8] proposed an alignment-free sequence comparison 
technique to analyze sequences in feature space. The stochastic 
membership values of a query sequence with respect to different 
classes of sequences are estimated using Minkowski measure. The 
working mechanism proposed in this research is window-based 
mechanism. The membership value is estimated based on the fol-
lowing question: Is a query sequence probably approximately be-
longs to a specific class of sequences? In this case, the quantum of 
distance values composes an empirical distance distribution and 
the membership value is estimated from the empirical distance 
distribution. 

Daoud [9] proposed a visualization approach to visualize com-
posite data points in feature spaces using the variation theory. The 
implementation of this computational approach is directed to seg-
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mented genomes. It is based on window-based mechanism. The 
robustness of this approach is implicitly depending on its imple-
mentation to flu virus. It is the first attempt to graphically show the 
serious of difference among the segmented genome of the flu virus. 

The other measure used in measuring the distance between two 
sequences without using alignment is the Euclidean distance [5]. 
The first step is to extract frequency data-vectors for each sequence 
using n-grams feature extraction technique, then the Euclidean 
distance is applied to measure the distance between two frequency 
data-vectors, which reflects the identicalness between two se-
quences. 

As we mentioned in this paper, alignment-free is new develop-
ing research direction. There are more than 45 alignment-free 
tools available with different applications in the area of se-
quence-analysis. A summary of comparisons between align-
ment-free and alignment-based algorithms are given in Table 1. As 
an expectation, the next generation of computational pipelines will 
use those computational algorithms and tools to achieve fast and 
reliable computations in sequence analysis. 

In this paper, we are focusing on detecting outliers in composite 
data points (e.g., segmented genome of flu virus). An outlier is a 
data point that diverge from the majority of other data points in 
terms of its measured features [12]. In addition, finding patterns of 
data points that do not confirm to the expected feature measure-
ments are a research challenge. There are many applications to the 
outlier’s detection, for example, detecting tumors in magnetic res-
onance imaging, finding frauds in health care insurance, or detect-
ing biodiversity in viruses. 

In this section, we presented the most popular alignment-free 
techniques, and a brief introduction about outlier detection. In the 
next section, we shall present an outlier detection approach for 
identifying anomalies in segmented genomes of the flue virus. 

Methods 

In this section, we shall present an approach to identify outliers in 
a dataset of composite data points. A composite data point is a 
dataset (e.g., set of data-vectors or set of sequences). We shall pres-
ent two directions: (1) supervised and (2) unsupervised learning 
modes. In case of the existing training data, the approach can be 
designed using sequential computational phases. The first compu-
tational phase is to map each composite data point into a feature 
space by defining (p × 1) feature vector. Each composite data point 
can be mapped into a set of data vectors. Those data vectors are 
extracted from heterogeneous sequences; therefore, the base com-
position of nucleotide distribution is expected to be heteroge-
neous. In this context, the next phase is to build an information 
structure for each composite data point. One of the most popular 
information structures is the variance-covariance structure. Mea-
suring the distance between any two information structures can be 
achieved by defining a distance measure or metric. The metric 
space is defined as a metric and a class of matrices, where each ma-
trix represents an information structure of a set of data vectors 
with unknown distribution. 

Daoud [13] proposed a solution for the composite data points 
proximity problem. The solution defined a new metric space (Ψ,Dij 
(γ1)), where Ψ is a class of composite data points, and Dij (γ1) is a 
metric. Dij (γ1) is defined as follows: 

Dij (γ1) =│γ’(1Σ(i)  -Σ(j)  )γ1│=│λ1│> 0

where λ1 is the largest generalized eigenvalue (associated with 
the generalized eigenvector γ1) of the matrix (Σ(i)  -Σ(j)  ), where Xn 
is random vector that measures the occurrences of n-grams in two 
composite data points i and j, such that each one represents an in-

Table 1. Comparison between alignment-free and alignment-based techniques [3,5,10,11]

Feature Alignment-based Alignment-free
Input data Sequences Data-vectors
Assumptions about data Required Not-required
Computational scheme Dynamic programming Distance-measures
Time complexity Quadratic Linear
Applications Sequence comparison Sequence comparison

Phylogenetic tree Phylogenetic tree
Function prediction General mapper
Genome assembly Genome assembly
Reads correcting errors Reads error correction
- Transcript quantification
Metagenomics Metagenomics

(1)  
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stance of a segmented genome of a flu virus. 
Measuring the distance between any two variance-covariance 

matrices Σ(i) and Σ(j) of the same random vector will results dis-
tance values. Those distance values represent a random variable. In 
case of considering more than one feature mapping or feature vec-
tor (i.e., projected data into more than one feature space), in this 
case those distance values represent a random vector. The random 
vector is a random distance vector and it has a distribution with 
statistical characteristics, and in this context, we define the concept 
of the distance distribution paradigm (for more details, see Daoud 
and Kremer [14]). 

Now consider the analysis of distance values as another phase to 
integrate the computational process to detect the outliers in dis-
tance space. In case of multivariate distance-random vector, there 
are different multivariate techniques that can be implemented in 
detecting outliers in distance space. By considering those dis-
tance-data vectors as observations of a random vector, we can im-
plement one of the multivariate outlier-detection techniques, 
which is based on Mahalanobis distance. In this context, the outli-
er can be defined as a data-vector with largest squared Mahalano-
bis distance. The empirical distribution function of the ordered 
square distances and theoretical distribution function, in this case 

χ2-distribution, can be compared to identify outliers with a specific 
threshold value (quantile) [15,16]. The computational phases are 
illustrated in Fig. 1, which are in certain way identical to deep 
learning approach in the sense of using composite feature spaces 
[17]. Finally, the sketch of the proposed computational techniques 
(supervised and unsupervised modes) are shown in Figs. 2 and 3 , 
respectively. 

The validity of the proposed computational approaches 
The proposed computational approaches are bio-data mining ap-
proaches and it is build upon using data-vectors extracted from bi-
osequences based on n-grams features, those features are numeri-
cal features. The numerical features represent the biological fea-
tures. The main contribution of this paper is to propose a new 
computational framework to detect outliers in composite data 
points using distance space. The extracted distance vectors in the 
composite feature space are multivariate random vectors. Then 
implementing the existing multivariate outliers’ techniques on 
those distance data-vectors is a validated computational process. 
In fact, there is no-need to validate those existing multivariate sta-
tistical outlier detection techniques. 

Fig. 1. The sketch of the proposed computational model. The upper part represents the abstract of mapping, while the lower part represents the 
problem under analysis and the expected output.

Data-space Feature-space Distance-space

Distance-value

Distance-vectors
(Set of Data-vectors)

Outliers

One-class problem
Boundaries

Centroid

Distance-value1

Distance-value2

Biological threats?

Composite data-point
(e.g., Set of bio-sequences)

(Set of bio-sequences)

Composite 
data-point

Class of composite data-points
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Fig. 2. Algorithm 1: Detecting outliers in sets of biosequences using supervised approach.

Fig. 3. Algorithm 2: Detecting outliers in sets of biosequences using unsupervised approach.
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Results 

In this section, we shall present the robustness of the proposed ap-
proaches by showing two experiments. In the fist experiment, we 
downloaded 47 and 46 segmented genomes of the flu virus A and 
B respectively, from NCBI website [18]. Those segmented ge-

nomes are collected between May and December 2016. The first 
computational phase, the segmented genomes mapped into three 
feature spaces. Those feature spaces are (1) 1-grams (bases), (2) 
2-grams (dimers), and (3) 3-grams (codons). The dimensionality 
of the considered feature spaces is: 4, 16, and 64. As a second com-
putational phase, the sets of extracted data-vectors are mapped 

Fig. 4. The output from implementing the proposed supervised outlier detection approach (flu virus A). (A, B) The sub-graphs represent the 
scatter diagram and the distance distribution of composite data points respectively. (C, D) The sub-diagrams represent outlier detections using 
different quintiles. The figures are generated by using R-package: mvoutlier. We use the function aq.plot to process the distance data-vectors. In 
addition, left-upper subfigures showing the data projected into two-dimensional space using the first and second principal components.
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Table 2. The output of supervised and unsupervised learning in detecting the outliers of segmented genomes

Learning approach Outliers of outliers of flu virus A Outliers of outliers of flu virus B
Supervised 25, 29 28, 6, 26
Unsupervised 33, 41, 46, 47 46, 4, 45

45, 44, 43, 42 43, 44, 42

Fig. 5. The output from implementing the proposed unsupervised outlier detection approach (flu virus A). (A, B) The sub-graphs represent the 
scatter diagram and the distance distribution of composite data points respectively. (C, D) The sub-diagrams represent outlier detections using 
different quintiles. The figures are generated by using R-package: mvoutlier. We use the function aq.plot to process the distance data-vectors. In 
addition, panel A showing the data projected into two-dimensional space using the first and second principal components.
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Fig. 6. The output from implementing the proposed supervised outlier detection approach (flu virus B). (A, B) The sub-graphs represent the 
scatter diagram and the distance distribution of composite data points respectively. (C, D) The sub-diagrams represent outlier detections using 
different quintiles. The figures are generated by using R-package: mvoutlier. We use the function aq.plot to process the distance data-vectors. In 
addition, panel A showing the data projected into two-dimensional space using the first and second principal components.
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Fig. 7. The output from implementing the proposed unsupervised outlier detection approach (flu virus B). (A, B) The sub-graphs represent the 
scatter diagram and the distance distribution of composite data points respectively. (C, D) The sub-diagrams represent outlier detections using 
different quintiles. The figures are generated by using R-package: mvoutlier. We use the function aq.plot to process the distance data-vectors. In 
addition, panel A showing the data projected into two-dimensional space using the first and second principal components.
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into the form of variance-covariance matrices. By implementing 
the metric given in Eq. (1). We measured the proximity of any two 
variance-covariance matrices using the largest generalized eigen-
value. In the third phase, we analyzed the distance values as obser-
vations of (3 × 1) random vector. Based on the squared Mahala-
nobis distance of the distance data-vectors, the segmented ge-
nomes with largest squared Mahalanobis distance are given in Ta-
ble 2. In the second experiment, we implemented the unsuper-
vised approach to detect outliers in the same dataset of segmented 
genomes, and the segmented genomes with largest squared Ma-
halanobis distance are shown in Table 2. 

The output of the proposed approach is illustrated in Figs. 4–7. 
The outliers of segmented genomes are identified efficiently using 
supervised learning approach compared with unsupervised learn-
ing approach (Table 2). This conclusion is inferred based on the 
number of identified outliers. 

Finally, in this section, we presented the results of implementing 
the proposed outlier detection approach. In next section, we shall 
present conclusions and future work. 

Discussion 

In this paper, we proposed a new approach to detect outliers in 
segmented genomes of the flu virus. The flu virus has eight seg-
ments that can be encoded into 10–11 proteins, where each pro-
tein has different biological function and consequently has differ-
ent nucleotide composition. Those segmented genomes are het-
erogeneous by nature. The computational challenges are solved in 
systematic approach, as feature mapping into the feature space, 
composite feature representation as variance-covariance matrices, 
defining a metric space to measure the distance between any two 
variance-covariance matrices, and finally analyzing those dis-
tance-values in the feature space. To evaluate the approach, we im-
plemented it using two datasets: (1) 47 segmented genome of the 
flu virus A and, (2) 46 segmented genomes of the flu virus B. The 
output of the proposed approach shows the difference between 
supervised learning and unsupervised learning, and we identified 
the weaknesses and strengths of each learning mode. 
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Introduction 

One of the main advances in bioinformatics, computational biology, and biotechnology 
is the sequence-set analysis. It is a new research direction parallel to sequence analysis. 
The main idea behind it is to analyze composite data points in data space, feature space or 
distance space. A composite data points is a dataset, for example set of feature vectors, set 
of sequences. This generalized concept proposed in [1,2]. Now, dealing with segmented 
genomes of influenza virus as composite data points has different aspects: biodiversity, 
bio-intelligent system, genomic variation, and vaccine efficiency. 

The influenza viruses have a negative impact on public health and still creating threats 
for different life aspects. The early pandemic of H1N1 flu virus started in 1918 [3]. Re-
cent advances in bioinformatics and biotechnology have extended and expanding the in-
sights of analyzing the segmented genome of the flu virus and exploring the influenza bi-
ology [2]. Influenza virus has the following features: (1) it is a single RNA-stranded en-
veloped virus, (2) its genome is segmented, and it has eight segments, each segment can 
be encoded to one or two proteins, (3) it is a negative-sense virus, and (4) it can be rated 
as highly-mutated genome [4]. The virus can infect various hosts, and it has different 
types and subtypes. The subtypes can be identified according to its surface proteins, 
haemagglutinin (HA) and neuraminidase (NA) [2,3]. Now, there are 18 HA and 11 NA 
distinct surface proteins [3,4]. The source of genetic variation is two processes: (1) anti-
genic drift, or (2) antigenic shift. 

As defined by Daoud’s study [1,2], a segmented genome of influenza virus is a com-
posite data point. A composite data point is a dataset from unknow or a well know proba-
bility distribution. In machine learning and data mining there are many algorithms that 

In this paper, we present few technical notes about the distance distribution paradigm for 
Mosaab-metric using 1, 2, and 3 grams feature extraction techniques to analyze composite 
data points in high dimensional feature spaces. This technical analysis will help the spe-
cialist in bioinformatics and biotechnology to deeply explore the biodiversity of influenza 
virus genome as a composite data point. Various technical examples are presented in this 
paper, in addition, the integrated statistical learning pipeline to process segmented ge-
nomes of influenza virus is illustrated as sequential-parallel computational pipeline. 

Keywords: composite data point, distance distribution paradigm, Mosaab-metric space, 
segmented genome of influenza virus  
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ture spaces, then the probability distribution is called the deep dis-
tance distribution (or the deep distance paradigm). Now, we shall 
consider three technical cases about this implementation. We have 
downloaded 30 segmented genome of influenza virus A, 30 seg-
mented genome of influenza virus B from NCBI-Influenza Virus 
Database as training datasets [9]. In addition, we have download-
ed 108 segmented genome of influenza virus A and B from NC-
BI-Influenza Virus Database as testing dataset [9]. In case 1, the 
sizes of training datasets are: 30 segmented genomes for flu A vi-
rus, and 30 segmented genomes for flu B virus respectively. The 
size of testing dataset is 108 segmented genome of influenza virus 
A and B. Fig. 1 illustrates the analytics of deep statistical learning 
approach in dealing with composite data points. The first subfigure 
has two aspects (Fig. 1A): combining two feature spaces (1 and 2 
grams feature vectors) to produce two distance values (or (2 × 1) 
distance vector) with respect to a training dataset using the exten-
sion principle. In other words, the concept of deep statistical learn-
ing is based on extension of the data life cycle. The second subfig-
ure has the same pervious aspects, and by combining three feature 
spaces, therefore, the result is a (3 × 1) distance vector (Fig. 1B). It 
should be noted that a distance vector is a random vector and it 
has observations, and those observations are called distance-data 
vectors. For each feature space, the distance vector as a random 
vector has a probability distribution, and in this case, it is called the 
distance distribution paradigm. The distance distribution para-
digm for 1-grams, 2-grams, 3-grams feature spaces are illustrated in 
Fig. 1C, 1D, and 1E , respectively. From these subfigures we can 
conclude the following: each subfigure has two peaks, each peak 
represents a class, influenza A virus and influenza B virus. One 
bell-shaped density curve skewed to the right and another curve 
skewed to the left. One class has more dispersion than the other, 
which is in this case influenza A virus. Now consider a training 
dataset with lack of diversity. Suppose we have two training data-
sets that represent only one class (in this case influenza A virus), 
one has 30 composite datapoints and another one has 10 compos-
ite datapoints, hence, Figs. 2 and 3 represent the outcomes from 
these two experiments respectively. Based on the subfigures of 
Figs. 2 and 3, we have different dispersion maps, two classes, and 
two peaks. This note has effective conclusions about the impact of 
size and diversity of datasets on classification results using the dis-
tance distribution paradigm. 

In this section we presented the technical notes about the dis-
tance distribution paradigm for Mosaab-metric using 1, 2, and 3 
grams feature extraction techniques to analyze composite data 
points in high dimensional feature spaces. In the next section we 
shall present the conclusions. 

they can be used to analyze, visualize, classify and cluster data 
points. Usually regular data points, for example, data vectors, uni-
variate data points, and sequences. Processing composite data 
points is another complicated computational task for existing 
computational pipelines. Building a statistical learning computa-
tional pipeline has several computational challenges [5]. As de-
fined in James et al. [6], statistical learning is a set of unsupervised 
and supervised computational algorithms that can be used in pro-
cessing datapoints to extract knowledge and deep understanding 
about the relationship and structure of data. In other words, statis-
tical learning focuses on learning the relationship and structure 
from data vectors (i.e., observations of a feature vector). In deep 
statistical learning, we learn about the relationship and structure of 
data from distance data vectors after mapping datapoints into dif-
ferent feature spaces using the extension principle of data life cycle 
[1]. Developing a statistical learning computational pipeline for 
analyzing the segmented genomes of flu virus is a completed task. 
One of the computational aspects in statistical learning is to ana-
lyze the distance distribution paradigm for the datapoints under 
consideration [6-8]. A distance distribution paradigm is defined as 
the probability distribution of a distance measure or metric [6]. In 
other words, the distance measure or metric is defined as a random 
variable or random vector [6-8]. In the next section, we shall pres-
ent a note on the distance distribution paradigm for Mosaab-met-
ric space. 

Technical Implementation 

In this section, we shall present technical analysis of the deep dis-
tance distribution for Mosaab-metric to process segmented ge-
nomes of flu virus as composite datapoints, and by using the fol-
lowing three feature spaces: 1-grams, 2-grams, and 3-grams. Map-
ping each composite data point into various feature spaces by using 
n-grams technique (in this case n =  1, 2, and 3) has the following 
outcomes: data-vectors are embedded into feature spaces. The fea-
ture spaces are high dimensional spaces. Each composite data 
point is represented by a dataset, and each dataset is a set of da-
ta-vectors. Transforming each set of data-vectors to variance-cova-
riance structure is another information structure, and the out-
comes are matrices. Finding the distance between each matrix in 
the testing dataset and each matrix in the training dataset has the 
following outcomes: distance values. By using the extension prin-
ciple of the data life cycle, and in this case by consider three feature 
spaces (deep statistical learning), the combined outcomes are (3 
×  1) distance-data vectors. The distance-data vectors represent a 
random vector. The random vector has a probability distribution, 
and since the extracted information is a combination of three fea-
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Fig. 1. The distance distribution paradigm for Mosaab-metric using 1, 2, and 3 grams feature extraction techniques to analyze composite 
data points in high dimensional feature spaces (case: 60 composite data points represent two classes of influenza virus, class A and class B). 
(A) Scatter-plot of composite data points in 2-dimensional space. (B) Scatter-plot of composite data points in 3-dimensional space. (C) The 
distance distribution paradigm for 1-grams feature space. (D) The distance distribution paradigm for 2-grams feature space. (E) The distance 
distribution paradigm for 3-grams feature space.
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Fig. 2. The distance distribution paradigm for Mosaab-metric using 1, 2, and 3 grams feature extraction techniques to analyze composite 
data points in high dimensional feature spaces (case: 30 composite data points represent one class of influenza virus, class A). (A) Scatter-
plot of composite data points in 2-dimensional space. (B) Scatter-plot of composite data points in 3-dimensional space. (C) The distance 
distribution paradigm for 1-grams feature space. (D) The distance distribution paradigm for 2-grams feature space. (E) The distance 
distribution paradigm for 3-grams feature space.
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Fig. 3. The distance distribution paradigm for Mosaab-metric using 1, 2, and 3 grams feature extraction techniques to analyze composite 
data points in high dimensional feature spaces (case: 10 composite data points represent one class of influenza virus, class A). (A) Scatter-
plot of composite data points in 2-dimensional space. (B) Scatter-plot of composite data points in 3-dimensional space. (C) The distance 
distribution paradigm for 1-grams feature space. (D) The distance distribution paradigm for 2-grams feature space. (E) The distance 
distribution paradigm for 3-grams feature space.
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Fig. 4. The proposed Statistical Learning computational pipeline to analytically process segmented genomes of influenza virus as composite 
datapoints (Image-Flu: https://www.cdc.gov/flu/resource-center/freeresources/graphics/images.htm [10]).

Conclusions 

In this paper we presented the distance distribution paradigm for 
Mosaab-metric using three feature spaces: 1-grams, 2-grams, and 
3-grams. We technically showed the impact of the size and diversi-
ty of training dataset on the classification results. We successfully 
analyzed the distance distribution of Mosaab-metric space as the 
most recent metric space in statistical learning research field. This 
part of analytics (as analytical techniques) about the distance dis-
tribution and the dispersion maps is expected to be in a integrated 
statistical learning computational pipeline for processing and ana-
lyzing composite data points (in this case segmented genome of 
influenza virus, see Fig. 4). The pipeline is sequentially partitioned 
into components. The first component is to map the segmented 
genomes into feature spaces (parallel computational mode can be 
applied), the second component can be executed in parallel mode, 
and it has different tools (algorithms/techniques). These tools can 
be summarized as: classification, clustering, outlier detection, and 
visualization. In the future work, we shall discuss, and present oth-
er computational algorithms and/or tools that will be included in 
this integrated pipeline. 
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Highly pathogenic avian influenza (HPAI) viruses have caused severe respiratory disease 
and death in poultry and human beings. Although most of the avian influenza viruses 
(AIVs) are of low pathogenicity and cause mild infections in birds, some subtypes including 
hemagglutinin H5 and H7 subtype cause HPAI. Therefore, sensitive and accurate subtyping 
of AIV is important to prepare and prevent for the spread of HPAI. Next-generation se-
quencing (NGS) can analyze the full-length sequence information of entire AIV genome at 
once, so this technology is becoming a more common in detecting AIVs and predicting 
subtypes. However, an analysis pipeline of NGS-based AIV sequencing data, including AIV 
subtyping, has not yet been established. Here, in order to support the pre-processing of 
NGS data and its interpretation, we developed a user-friendly tool, named prediction of 
avian influenza virus subtype (PAIVS). PAIVS has multiple functions that support the 
pre-processing of NGS data, reference-guided AIV subtyping, de novo assembly, variant 
calling and identifying the closest full-length sequences by BLAST, and provide the graphi-
cal summary to the end users. 

Keywords: AIV subtypes, avian influenza virus, next-generation sequencing, viral genome
Availability: PAIVS is available at http://ircgp.com/paivs. 
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Introduction 

The avian influenza virus (AIV) genome comprises eight segments (polymerase basic 2, 
polymerase basic 1, polymerase acidic, hemagglutinin [HA], nucleoprotein, neuramini-
dase [NA], matrix, nonstructural) that encoded up to 11 proteins [1]. Based on the viral 
surface glycoproteins HA and NA, AIVs are divided into various subtypes. To date, there 
are 18 different HA subtypes and 11 different NA subtypes (H1 through H18 and N1 
through N11, respectively) [2], which potentially form 144 HA and NA combinations 
by genetic reassortment. Although most of them are of low pathogenicity and cause mild 
infections in birds, some AIV combinations including HA H5 and H7 cause highly 
pathogenic avian influenza (HPAI), which is characterized by high morbidity and mor-
tality [3,4]. Indeed, large HPAI outbreaks in domestic poultry occurred during 2014–
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2018 in South Korea. The outbreaks of the 2016–2017 and 2017–
2018 winter seasons, caused by novel reassortant clade 2.3.4.4 
H5N6 viruses, resulted in loss of one billion birds in 440 farms in 
South Korea (https://www.kahis.go.kr/). Therefore, accurate and 
rapid subtyping of AIV is important to prepare and prevent for the 
spread of HPAI.  

There are several methods to detect the AIVs such as rapid influ-
enza diagnostic test (RIDT), nucleic acid-based tests (NATs), and 
next-generation sequencing (NGS) [5]. RIDTs, the most widely 
used method, can detect AIVs rapidly but do not provide informa-
tion on AIV subtype or specific virus strain information. NATs, 
which include reverse transcriptase-PCR and loop-mediated iso-
thermal amplification-based assay, detect virus-specific DNA or 
RNA sequences. Although most NATs are more sensitive and spe-
cific than RIDTs, they are laborious and time-consuming tests to 
get subtype information. In contrast to these methods, NGS can 
analyze the full-length sequence information of all eight AIV seg-
ments at once, so it can identify subtypes sensitively and accurately. 
Furthermore, since single nucleotide variants and evolutionary 
analyses are possible with the complete genome sequencing data, 
there are many advantages to identify the origin and pathogenicity 
of AIVs. However, an analysis pipeline of NGS-based AIV sequenc-
ing data, including AIV subtyping, has not yet been established. 

In this study, we developed a user-friendly tool, named predic-
tion of avian influenza virus subtype (PAIVS), to support the 
pre-processing of NGS data and its interpretation. PAIVS analyzes 
the NGS data for pre-processing, reference-guided AIV subtyping, 
de novo assembly and variant calling and provides graphical sum-
mary for subtype identification. In addition, PAIVS supports the 
BLAST (Basic Local Alignment Search Tool) function to identify 
the closest full-length sequences that can be used as genetic re-
sources for downstream analysis, such as phylogenetic analysis. 

Overview Pipeline 

PAIVS is an automated pipeline that analyzes AIV NGS data and 
consists of five steps; pre-processing, reference-guided alignment 
or de novo assembly, subtyping, variant calling, and identifying 
the closest sequences. We implemented PAIVS using python and 
its workflow is illustrated in Fig. 1. First, PAIVS takes FASTQ files 
from paired-end viral genome sequencing data as input. In the 
pre-processing step, PAIVS trims the sequence reads to remove 
the sequences with adaptor or low base quality. Trimed reads are 
then aligned to the host reference genome, such as avian or hu-
man, to remove the sequences from the host. In the next step, un-
mapped reads are aligned to the AIV reference genome and subse-
quently identify subtypes and variants based on the sequence 

composition and coverage. Users can also select de novo assembly 
option to get the closest full-length sequences and use them for 
downstream analysis. All results for each step is stored in its own 
directiry. 

Data Pre-processing 

In the pre-processing step, TRIMMOMATIC [6] tool trims the se-
quence reads to remove the sequences with adaptor or low base 
quality. Host reads subtraction by read mapping is performed by 
using the HISAT2 [7] or BWA [8] aligner against host organism 
genome. SAMtools software package [9] ‘view’ option is used for 
extracting unmapped read. Unmapped viral reads are then mapped 
to the AIV reference genome using the HISAT2 or BWA aligner. 
When we compared the mapping rate, memory usage, and run 
time between two aligners, BWA mem algorithm showed resonable 
run time and mapping rate to the reference AIV genome (Supple-
mentary Table 1). HISAT2 was faster and used fewer resources 
than BWA, but more than 90% of sequencing reads were not 
mapped to the AIV genome. Therefore, we recommend to use 
BWA aligner unless user has ultra high depth sequencing data 
( > 10,000 × ). 

Prediction of AIV Subtype 

In order to predict the AIV subtypes, PAIVS calculates the seg-
ment mean coverages as a coverage value for each 18 different HA 
and 11 different NA segments by using SAMtools. Coverage val-
ue means the sum of the coverages is then normalized by dividing 
by the total length of segment. 

Segment Mean Coverages =

where Dp is depth of each genomic position, p is segment length, 
k = 1,…, p is each genomic position.  

The coverage values are displayd on the linux terminal console 
and saved a comma separate text file (Fig. 2A). In addition, cover-
age depth for each HA and NA segments is saved as a image file in 
png format (Fig. 2B and 2C). 

Variants Calling and De Novo Assembly 

SAMtools and BCFtools [10] are implemented in PAIVS to detect 
the single nucleotide variant, which are known to be faster and use 
less memory than other variant calling methods such as Varscan2 
[11] and HaplotypeCaller [12]. The result is saved as a text file in 
variant call format, an example is shown in Fig. 2. Regarding de 

k=1

p{ Dp p
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novo assembly, Iterative Virus Assembler (IVA) designed to as-
semble virus genomes [13] is implemented in PAIVS. When the 
viral FASTA file is generated as an output of the IVA, the closest 
full-length sequences are then identified by BLAST [14] (Fig. 2E). 
Both variants and BLAST results can be used as genetic resources 
for further downstream analysis, such as phylogenetic analysis and 
clade classification. 

Conclusion 

In this paper, we introduce the PAIVS which is a user-friendly 
tool with multiple functions that support the pre-processing of 
NGS data, reference-guided AIV subtyping, de novo assembly, 
variant calling, and identifying the closest full-length sequences 

by BLAST and provide the graphical summary to the end users. 
In addition, PAIVS can be applied to other vial genomes for viral 
genome detection. By replacing the reference genome in the con-
figuration file, users can easily perform read mapping, variant 
calling, de novo assembly, and identifying the closest full-length 
sequences with BLAST. However, the viral subtyping and graphi-
cal summary functions of PAIVS were specifically designed for 
AIVs, so there is a limit to applying these functions to other viral 
genome. Considering that NGS technology is becoming a more 
common for detecting AIVs and predicting subtypes, PAIVS can 
be helpful for beginners who are not familiar with NGS-based 
AIV data processing. PAVIS is freely available at http://ircgp.
com/paivs. 

Fig. 1. Workflow of prediction of avian influenza virus subtype (PAIVS). PAIVS is an automated pipeline that analyzes avian influenza virus 
(AIV) next-generation sequencing (NGS) data and consists of five steps; pre-processing, reference-guided alignment or de novo assembly, 
subtyping, variant calling, and identifying the closest sequences. First, PAIVS takes FASTQ files from paired-end viral genome sequencing 
data as input. In the pre-processing step, PAIVS trims the sequence reads to remove the sequences with adaptor or low base quality. 
Trimed reads are then aligned to the host reference genome, such as avian or human, to remove the sequences from the host. In the next 
step, unmapped reads are aligned to the AIV reference genome and subsequently identify subtypes and variants based on the sequence 
composition and coverage. Users can also select de novo assembly option to get the closest full-length sequences and use them for 
downstream analysis. IVA, Iterative Virus Assembler.
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Fig. 2. Examples of prediction of avian influenza virus subtype (PAIVS) output. To evaluate the PAIVS, we analyzed a H5N6 avian influenza 
virus (AIV) confirmed by PCR and Sanger sequencing test. For the reference-guided read mapping, AIV genome sequences were obtained 
from Influenza Virus Resource Database (https://www.ncbi.nlm.nih.gov/genomes/FLU) and customized to analyze 16 different hemagglutinin 
(HA) and 9 different neuraminidase (NA) segments (H1 through H16 and N1 through N9). (A) PAIVS generates the coverage value for each 
HA and NA segments and presents the predicted subtype. As expected, analyzed sample was predicted as H5N6 subtype. (B, C) PAIVS also 
generates image files for coverage depth of HA (B) and NA (C) segments. Coverage depth of H5 and N6 segments was much higher than 
other segments. (D) Detected single nucleotide variants are reported as a variant call format. (E) The sequences closest to the analyzed 
segment are reported with BLAST score and E-value.
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In genome-wide association studies, pathway-based analysis has been widely performed to 
enhance interpretation of single-nucleotide polymorphism association results. We pro-
posed a novel method of hierarchical structural component model (HisCoM) for pathway 
analysis of common variants (HisCoM for pathway analysis of common variants [His-
CoM-PCA]) which was used to identify pathways associated with traits. HisCoM-PCA is 
based on principal component analysis (PCA) for dimensional reduction of single nucleotide 
polymorphisms in each gene, and the HisCoM for pathway analysis. In this study, we devel-
oped a HisCoM-PCA software for the hierarchical pathway analysis of common variants. 
HisCoM-PCA software has several features. Various principle component scores selection 
criteria in PCA step can be specified by users who want to summarize common variants at 
each gene-level by different threshold values. In addition, multiple public pathway data-
bases and customized pathway information can be used to perform pathway analysis. We 
expect that HisCoM-PCA software will be useful for users to perform powerful pathway 
analysis. 

Keywords: genome-wide association study, hierarchical structural component model, path-
way analysis, principal component analysis

Availability: HisCoM-PCA is available on the website (http://statgen.snu.ac.kr/software/His-
Com-PCA/index.html).

HisCoM-PCA: software for hierarchical 
structural component analysis for 
pathway analysis based using principal 
component analysis
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Introduction 

In genome-wide association studies (GWAS), researchers have identified many sin-
gle-nucleotide polymorphisms (SNPs) associated with the traits of interest (phenotypes) 
[1]. However, these SNPs sometimes may sometimes suffer from a lack of biological in-
terpretation [2]. To enhance interpretation of SNP association results, many gene-based 
analysis and pathway-based analysis have been widely performed in GWAS. For exam-
ples, PHARAOH was developed for pathway analysis of rare variants, and hierarchical 
structural component analysis of gene-gene interactions (HisCoM-GGI) was proposed 
for gene-gene interaction analysis of common variants [3,4]. 

Recently, we presented a hierarchical structural component model (HisCoM) for path-
way analysis of common variants (HisCoM-PCA) to identify pathways associated with 
traits [5]. HisCoM-PCA is based on principal component analysis (PCA) for dimension 
reduction of SNPs in each gene, and the HisCoM for pathway analysis. In the dimension-
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al reduction step of HisCoM-PCA, various principle component 
scores (PC) selection criteria may be used. The criterion may be 
defined by a threshold of cumulative proportion of variances. It 
can also be defined by using only the first PC for each gene. In the 
pathway analysis step, multiple published pathway databases and 
specific combination of pathways can be used to identify pathways 
associated with the traits of interest. 

In our previous study, we used only pathway information of the 
Kyoto Encyclopedia of Genes and Genome pathway database [6] 
and adopted two criteria to select PC: (1) using only the first PC 
and (2) using the PCs whose cumulative proportion of variances 
are more than 30%. To enable researchers to perform various path-
way analysis, we developed HisCoM-PCA software for allowing 
the users to set the PC selection criterion and pathway information 
flexibly. 

Implementation 

The workflow of the HisCoM-PCA software is shown in Fig. 1. 
The HisCoM-PCA mehod has been proposed for pathway analy-
sis of common variants by constructing a hierarchical model using 
SNP-gene-pathway information. The HisCoM-PCA method con-
sists of two steps: (1) dimensional reduction of SNPs by PCA and 
(2) pathway analysis with a hierarchical component model. In the 
first dimensional reduction step of HisCoM-PCA software, the 
user can define the number of PCs for each gene by one of the fol-

lowing two options: (1) the threshold of cumulative proportion of 
variances and (2) only the first PC. Using the selected PCs, path-
way analysis can be performed based on the user-entered pathway 
datasets. In the second pathway analysis step, HisCoM-PCA utiliz-
es ridge-type penalization and performs a permutation test to esti-
mate the gene and pathway effects on the phenotypes. 

Input file 
The HisCoM-PCA software takes four inputs: (1) a SNP dataset 
in csv file or PLINK format files, (2) a txt file with phenotype and 
covariate(s), (3) a set file that consists of two columns for gene 
name and SNP id, and (4) a set file that consists of two columns 
for pathway name and gene name. Furthermore, the program also 
accepts the published pathway databases in MsigDB [7,8]. 

Output file 
The HisCoM-PCA program generates the following output files: 
(1) a ‘[prefix]. gene-pca_summary.csv’ file that contains the num-
ber of SNPs and PCs for each gene, (2) a ‘[prefix].gene.ressum.
csv’ file that contains pathway name, gene name, number of per-
mutation, weight of gene for the pathway, gene coefficient, and 
permutation p-value of gene, and (3) a ’ [prefix].pathway.ressum.
csv’ file that contains pathway name, number of permutation, 
number of genes in each pathway, pathway coefficient, and permu-
tation p-value of pathway. 

Fig. 1. The workflow of the HisCoM-PCA software. PCA, principal component analysis; SNP, single nucleotide polymorphism; HisCoM-PCA, 
hierarchical structural component model for pathway analysis of common variants.
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Conclusion 

We introduced our HisCoM-PCA software for pathway analysis of 
common variants in GWAS. HisCoM-PCA software supports 
pathway analyses using multiple candidate pathways and custom-
ized PC selection criterion. We expect that our HisCoM-PCA 
software is useful for users to perform various pathway analyses. 
This section should contain sufficient detail so that all procedures 
can be repeated, in conjunction with the cited references. The 
manufacturer and model number should be stated in this sec-
tion—for example, as Sigma Chemical Co. (St. Louis, MO, USA). 
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Advancements in next generation sequencing (NGS) technologies have significantly in-
creased the translational use of genomics data in the medical field as well as the demand 
for computational infrastructure capable processing that data. To enhance the current un-
derstanding of software and hardware used to compute large scale human genomic data-
sets (NGS), the performance and accuracy of optimized versions of GATK algorithms, in-
cluding Parabricks and Sentieon, were compared to the results of the original application 
(GATK V4.1.0, Intel x86 CPUs). Parabricks was able to process a 50× whole-genome se-
quencing library in under 3 h and Sentieon finished in under 8 h, whereas GATK v4.1.0 
needed nearly 24 h. These results were achieved while maintaining greater than 99% ac-
curacy and precision compared to stock GATK. Sentieon’s somatic pipeline achieved similar 
results greater than 99%. Additionally, the IBM POWER9 CPU performed well on bioinfor-
matic workloads when tested with 10 different tools for alignment/mapping. 

Keywords: clinical genomics, Genome Analysis Toolkit, GPUs, next generation sequencing, 
variant detection

Accelerating next generation 
sequencing data analysis: an 
evaluation of optimized best practices 
for Genome Analysis Toolkit algorithms  
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19803, USA 

Introduction 

As the price of next generation sequencing (NGS) decreases and the data footprint in-
creases, compute power is a major limitation. The bioinformatics processing of NGS data 
is routine in many translational research and precision medicine efforts with the Genome 
Analysis Toolkit (GATK) from the Broad Institute and their “Best Practices” workflows 
[1-3] being widely accepted as standards for germline and somatic short variant discovery. 

The majority of computational algorithms specific for NGS were developed for use in 
a CPU environment with standard threading techniques. However, as NGS becomes 
more routine, the need to offer faster processing is essential. Despite the fact that x86_64 
(henceforth x86) CPUs from Intel represent the most common processing architecture 
in both the server space as well as desktop workstations, alternative architectures exist 
which offer some advantages such as POWER9 from IBM and GPUs from NVIDIA. 

This article compares the speed, accuracy, and scalability of the official GATK algo-
rithms running on Intel x86 CPUs, a POWER9 optimized version provided by IBM, a 
GPU optimized version provided by Parabricks, and an x86 optimized version provided 
by Sentieon [4]. Additionally, the ability of POWER9 CPUs to handle bioinformatic 
workloads is assessed by comparing the performance of a number of other bioinformatic 
tools compiled to run on both x86 and POWER9 systems. 
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Methods 

Hardware configuration 
All x86 jobs were run on an HPC cluster node (Thinkmate HDX 
XB24-5260V4) powered by two 8-core Intel Xeon E5-2620 v4 
CPUs and 256GB ECC memory. All POWER9 jobs were run on 
an HPC cluster node (IBM AC922) powered by two 16-core 
POWER9 CPUs (Part #02CY417), 512GB ECC memory, and 
four Nvidia TESLA V100 GPUs each with 32GB HBM2 memory. 
Disk I/O was handled via a DDN storage appliance connected to 
each node via InfiniBand. 

Software configuration 
Job scheduling on the HPC cluster was handled by SLURM. 
GATK software was run with parameters according to their best 
practices workflows with performance optimizations found by 
Heldenbrand et al. [5] with any deviations indicated as such. The 
Sentieon and Parabricks pipelines were run according to their in-
cluded documentation. Runtimes were calculated using the GNU 
time utility. 

Sensitivity and precision calculations 
GATK’s Concordance tool was utilized to compare the tested Vari-
ant Call Format (VCF) outputs to different reference VCFs de-
pending on the comparison being made. The reference VCF is 
treated as a truthset, and the number of true-positive, false-positive, 
and false-negative variants in the query VCF are counted. Sensitivi-
ty is calculated as true-positives/(true-positives + false-negatives). 
Precision is calculated as true-positives/(true-positives + false-posi-
tives). 

POWER9 testing workloads 
For the RNA sequencing (RNAseq) benchmarks with STAR 
v2.7.0c [6], Tophat v2.1.1 [7], HISAT2 v2.1.0 [8], and BBMap 
v38.34 [9], 15 paired end RNAseq libraries were downloaded 
from the ENA database (Study PRJEB23554). FASTQ files 
trimmed via BBDuk before being mapped to GRCh38 using each 
tool’s default settings. For BBMap and Tophat only one library was 
used for benchmarking, while HISAT2 and STAR performed 
mapping using all 15. For the splice aware aligners, STAR, HiSat2, 
and Tophat, the Gencode v29 annotation GTF file was used. 

For the DNA short read mapping benchmarks with BWA MEM 
v0.7.17-r1188 [10], Bowtie v1.2.2 [11], and Bowtie2 v2.3.5.1 
[12], the NA12878 50x WGS library was used. The FASTQ files 
were mapped to GRCh38 using each tool’s default settings. 

For blastx v2.8.1 [13], all Brachypodium distachyon transcript se-
quences from the BD21 v2.1 annotation were queried against the 

Oryza sativa v7 MSU protein database. For blastn v2.8.1 [13], the 
same transcript sequences were queried against a local copy of 
NCBI’s nt database. For pblat v36x2 [14], all human transcript se-
quences from the Gencode v29 release were used as a query 
against GRCh38. 

Results 

Germline variant detection pipeline speed and scalability 
The pipelines for germline variant discovery were tested using a 
50 ×  WGS library from the NA12878 sample of Illumina’s Plati-
num Genomes project (ENA study PRJEB3381) [15]. The base-
line run of GATK4 took over 100 h on the x86 system mainly due 
to the HaplotypeCaller step (Table 1). The most significant speed 
improvements (Fig. 1A) were demonstrated with single threaded 
PairHMM and splitting the hg38 genome into 32 scattered inter-
vals (two per x86 core); this also allowed for parallelization of the 
BaseRecalibrator and ApplyBQSR steps. This manual form of 
multithreading brought the nearly 107-h runtime down to just un-
der 24 h (Table 1). On the POWER9 with SMT4, the most effi-
cient use of resources was observed when 2 intervals were run per 
core with each using 2 PairHMM threads (Fig. 1A) which yielded 
a ~10 h decrease in runtime (–42.4%) compared to x86 with lower 
times in the BWA, MarkDuplicates, and HaplotypeCaller steps. 

The Sentieon DNAseq/DNAscope pipelines reduced runtimes 
even further to under 8 h with much faster BWA, MarkDuplicates, 
and HaplotypeCaller steps. Sentieon’s version of BWA finished ~3 
h earlier (–38.2%) than stock on the same x86 node. Marking du-
plicate reads only took 39 minutes whereas previously mentioned 
pipelines measured that time in hours. Finally, the HaplotypeCall-
er step took just over 1 h for Sentieon’s pipeline. Nearly identical 
runtimes were observed for DNAseq and DNAscope pipelines 
with the latter being Sentieon’s proprietary algorithm and not a re-
implementation of HaplotypeCaller. The fastest analysis per-
formed was Parabricks which yielded a genomic VCF (GVCF) file 
in 2 h 21 min. When set to output VCF directly, with no GVCF 
conversion, a faster runtime of 2 h 3 min was observed. 

Stock GATK did not scale linearly due to having multiple single 
threaded steps (Fig. 1B); this is in contrast to Sentieon’s imple-
mentation which was almost completely multithreaded allowing 
for much better scalability. In GPU scalability testing, Parabricks 
hit diminishing returns when adding a fourth GPU which only re-
duced runtime by ~23 min (–13.7%) whereas going from two to 
three GPUs reduced the runtime by about an hour (–25.8%). 

Germline variant detection pipeline accuracy 
To determine the accuracy of the various analyses, GATK’s concor-

https://doi.org/10.5808/GI.2020.18.1.e102 / 9
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dance tool was utilized to compare the final VCF outputs to 
GATK4’s baseline VCF and the NA12878 Platinum Genomes 
truthset VCF (Table 2). Parabricks most closely matched the 
GATK baseline run with 99.8% accuracy and precision for single 
nucleotide polymorphisms (SNPs) and 99.1% accuracy and preci-
sion for INDELs. When the output was compared with the version 
of GATK Parabricks was designed to match (v4.0.4), accuracy and 
precision were both 99.99% (data not shown). Sentieon’s DNAseq 
pipeline scored 99.7% for accuracy and precision in calling SNPs, 
but had around one percentage point decrease for INDEL calling. 

In the truthset comparison, Sentieon’s DNAscope yielded the 
highest SNP sensitivity by calling ~7,000 SNPs that the other call-
ers missed; however, this increase in sensitivity comes at the cost 
of a loss in precision due to an additional ~4,000 false-positive 
SNPs. Despite Sentieon’s DNAseq pipeline having the lowest sen-
sitivity and precision for INDELs in the previous comparison, 
here it ranks highest on both fronts due to it calling ~200–300 
more true-positive INDELs that the other pipelines missed and 
having ~500 fewer false-positives. 

Somatic variant detection pipeline speed 
To test the performance of the somatic variant calling pipelines, the 
cancer like mixture of two Genome in a Bottle samples, NA12878 

and NA24385, constructed by the Hartwig Medical Foundation 
and Utrecht Medical Center [16], was utilized. The baseline Mu-
tect2 run took the longest at over 118 h due to the minimally paral-
lelized Mutect2 step. Manually parallelizing this step using scattered 
intervals allowed for a reduction in total runtime to ~23.5 h on one 
of our x86 nodes and ~18.5 h on the POWER9 node. Sentieon’s 
TNseq pipeline reduced this even further to ~7.5 h and their TN-
scope pipeline was the fastest at ~3.5 h. 

Of the steps unique to the Mutect2 “Best Practices” pipeline, 
Mutect2 and GetPileupSummaries account for over 99% of the to-
tal time. While GATK v4.1.0 allows for Mutect2 to be manually 
parallelized via scattered intervals and a subsequent MergeVCF 
step, there is no built-in method to merge the output of multiple 
GetPileupSummaries jobs. This fact hurt the scalability of the 
pipelines on both x86 and POWER9 systems with Sentieon’s pipe-
lines not only being faster, but also seeing greater reductions in 
time when given more compute resources (Fig. 1C); however, in 
GATK v4.1.1 the GatherPileupSummaries tool was introduced 
which would allow for both steps to be parallelized. 

Somatic variant detection pipeline accuracy 
The accuracy of the Mutect2 based pipelines was analyzed in a 
similar fashion to the assessment of the HaplotypeCaller based 

Table 1. Variant calling pipelines’ speed

Germline pipeline
GATK Sentieon

ParabricksHaplotypecaller
DNAseq DNAscope

x86 baseline x86 32-interval Power9 64-interval
 Times
 BWA 8:30:54 8:28:32 4:41:49 5:15:37 5:23:05 1:47:04
 MarkDupes 6:35:29 5:35:05 3:05:17 0:39:03 0:38:55
 Samtools Index 1:51:02 1:33:05 1:16:05
 BaseRecalibrator 10:10:20 0:38:20 0:18:01 0:19:34 0:19:45
 ApplyBQSR 7:59:57 0:43:08 0:23:55 0:22:31 0:22:45 0:34:25
 HaplotypeCaller 71:02:51 5:30:32 2:28:12 1:05:11 1:03:12
 CombineGVCF - 0:51:42 0:59:12 - - -
 GenotypeGVCFs 0:40:38 0:29:11 0:30:50 0:01:12 0:01:16 0:33:13
 Total 106:51:11 23:49:35 13:43:21 7:43:08 7:48:58 2:54:42
Somatic pipeline Mutect2 TNseq TNscope N/A
 Times -
 Mutect2 109:43:31 14:46:15 9:06:52 7:31:46 3:30:38 -
 MergeVCF - 0:00:30 0:00:44 -
 GetPileupSummaries 8:47:05 8:40:35 9:17:00 -
 CalculateContamination 0:00:11 0:00:11 0:00:13 0:04:52 -
 FilterMutectCalls 0:02:22 0:03:26 0:02:51 -
 Total 118:33:09 23:30:57 18:27:40 7:36:38 3:30:38 -

N/A, not available. 
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Fig. 1. Variant calling pipelines’ scalability. (A) To determine the most efficient way of parallelizing GATK’s HaplotypeCaller, different 
combinations of scattered intervals and PairHMM OpenMP threads were tested on x86 and Power9 systems. The recorded times also include 
the CombineGVCFs step. (B) The scalability of GATK’s HaplotypeCaller pipeline on x86 and Power9 was tested with varying amounts of 
compute resources alongside Sentieon’s DNAseq and Parabricks. (C) Scalability of GATK’s Mutect2 pipeline on x86 and Power9 was tested 
with varying amounts of compute resources alongside Sentieon’s TNseq and TNscope. At the time of this analysis, Parabricks had not yet 
ported their somatic pipeline to Power9 therefore it could not be tested (Continued to the next page).
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Fig. 1. (Continued from the previous page) Variant calling pipelines’ scalability. (A) To determine the most efficient way of parallelizing 
GATK’s HaplotypeCaller, different combinations of scattered intervals and PairHMM OpenMP threads were tested on x86 and Power9 
systems. The recorded times also include the CombineGVCFs step. (B) The scalability of GATK’s HaplotypeCaller pipeline on x86 and Power9 
was tested with varying amounts of compute resources alongside Sentieon’s DNAseq and Parabricks. (C) Scalability of GATK’s Mutect2 
pipeline on x86 and Power9 was tested with varying amounts of compute resources alongside Sentieon’s TNseq and TNscope. At the time of 
this analysis, Parabricks had not yet ported their somatic pipeline to Power9 therefore it could not be tested.
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pipelines via GATK’s Concordance tool (Table 2). TNseq had a 
higher amount of variation when compared to Mutect2 v4.1.0 
than DNAseq had to HaplotypeCaller v4.1.0; however, when 
TNseq was compared against the specific version of Mutect2 it 
was designed to mimic (v4.0.2.1), the results were more similar 
with accuracy and sensitivity both over 99.5% (data not shown). 

Benchmarking other bioinformatic tools: POWER9 for 
bioinformatics 
To assess how well POWER9 handles bioinformatic workloads the 
performance of ten commonly used alignment/mapping tools were 
compared when run on our Intel x86 nodes and the IBM POWER9 
node: STAR, BBMap, Tophat, HISAT2, BWA MEM, Bowtie, Bow-
tie2, blastx, blastn, and pblat a parallelized version of BLAT [17]. 
Each tool was run using default settings with the same workload on 

both x86 and POWER9. This is not a comparison of the tools them-
selves; some similar tools were given different workloads, such as 
STAR and Tophat, to allow for meaningful runtimes. Each tool was 
run with the following resource configurations to allow for thread-
vs-thread and core-vs-core comparisons: x86-16t/8c, x86-32t/8c, 
POWER9-16t/4c, and POWER9-32t/8c. 

For thread-vs-thread comparisons, the results are somewhat split 
between similar runtimes and a slight edge to x86 threads (Fig. 2). 
STAR, HISAT2, and Bowtie, achieved nearly identical runtimes on 
both platforms. BBMap, Tophat, BWA MEM, Bowtie2, and blastx 
performed better with an equal number of x86 threads, while blastn 
ran nearly twice as fast with an equal number of POWER9 threads 
and pBLAT had a slight edge. In the core-vs-core performance com-
parison, the POWER9 architecture resulted in lower runtimes in ev-
ery instance. 

Table 2. Variant calling pipelines’ accuracy

Germline Somatic
GATK Sentieon

Parabricks
GATK Sentieon

Haplotypecaller DNAseq DNAscope Mutect2 TNseq TNscope
VS Baseline VCF
 SNP
  True-positive - 3,827,008 3,782,857 3,830,446 - 980,680 1,036,385
  False-positive - 9,703 149,987 7,500 - 28,850 174,668
  False-negative - 11,202 55,353 7,764 - 75,037 19,332
  Sensitivity - 0.99708 0.98558 0.99798 - 0.92892 0.98169
  Precision - 0.99747 0.96186 0.99805 - 0.97142 0.85577
 INDEL -
  True-positive - 815,205 752,611 818,642 - 67,636 82,766
  False-positive - 11,314 75,083 7,431 - 20,197 71,222
  False-negative - 10,756 73,350 7,319 - 28,441 13,311
  Sensitivity - 0.98698 0.91119 0.99114 - 0.70398 0.86145
  Precision - 0.98631 0.90929 0.99100 - 0.77005 0.53748
VS Truthset VCF
 SNP
  True-positive 3,486,614 3,486,443 3,493,799 3,486,520 827,366 814,549 910,320
  False-positive 2,345 2,344 6,541 2,360 983 2,586 9,212
  False-negative 108,558 108,729 101,373 108,652 125,113 137,930 42,159
  Sensitivity 0.9698 0.96976 0.97180 0.96978 0.86864 0.85519 0.95574
  Precision 0.99933 0.99933 0.99813 0.99932 0.99881 0.99684 0.98998
 INDEL
  True-positive 548,276 548,574 548,368 548,247 59,112 59,941 82,501
  False-positive 9,496 8,987 9,635 9,393 5,654 3,035 12,343
  False-negative 24,451 24,153 24,359 24,480 71,354 70,525 47,965
  Sensitivity 0.95731 0.95783 0.95747 0.95726 0.45308 0.45944 0.63236
  Precision 0.98298 0.98388 0.98273 0.98316 0.9127 0.95181 0.86986

GATK, Genome Analysis Toolkit; VCF, Variant Call Format; SNP, single nucleotide polymorphism.
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Fig. 2. x86/POWER9 performance comparison of aligners/mappers. The performance of 10 different tools for alignment/mapping was 
compared between POWER9 and ×86 systems. Jobs were run in triplicate across different days; averaged results are shown in the graphs 
with the error bars representing standard deviation.
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Discussion 

Both Parabricks and Sentieon offer highly accelerated GATK algo-
rithms that greatly reduce variant calling processing time. 
Parabricks’s utilization of the higher number of cores available on a 
GPU compared to a CPU allows for a much faster processing time 
of a single sample compared to Sentieon. However, the legacy of 
algorithm development in a CPU environment compared to a 
GPU for NGS pipelines has impacted the relative number of 
CPUs available compared to GPUs within an institution. The val-
ue of being able to process a single sample in ~2 h should not be 
discounted, however, especially in the age of precision medicine. 
Delivering “fast” genome sequencing to help diagnosis a newborn 
in a neonatal intensive care unit or to identify a somatic variant 
that can be used in treatment selections is becoming a reality for 
many institutions. 

Our testing of Sentieon’s ability to reproduce GATK’s output 
yielded similar results to a previous assessment done by Kendig et 
al. [18]; however, the output from Parabricks was essentially iden-
tical to the targeted version which may make it more attractive to 
those within the research community. If GATK compliance is less 
of a concern, Sentieon does offer their own proprietary algorithms 
for variant calling which did perform better when compared to the 
VCF truthsets used in this study. 

While the CPUs used in this comparison are all based on 14nm 
microarchitectures, the Intel CPUs in our x86 nodes are a few 
years old, and to do a true x86 versus POWER9 comparison a 
newer Intel CPU would be needed. Despite this, we felt that these 
benchmarking comparisons would shed light on POWER9’s abili-
ty to handle bioinformatic workloads and prove useful to research-
ers in designing their compute infrastructure.  

The POWER9 architecture performed well in the core-vs-core 
comparisons. Part of this advantage comes from IBM’s implemen-
tation of simultaneous multithreading, which is superior to Intel’s 
Hyper-threading by allowing for twice as many threads to run si-
multaneously on the same core. This analysis demonstrated that 
even in instances where the tools were originally coded to take ad-
vantage of Intel specific instruction sets such as SSE2, the total 
runtime was lower on POWER9 than x86 with identical core 
counts. However, this does allude to an issue that can arise when 
using a POWER9 system: not all bioinformatic programs that 
were originally written for x86 systems can easily compile and run 
on the POWER9 architecture. 
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the resolving process will follow a flowchart provided by the 
Committee on Publication Ethics (http://publicationethics.org/
resources/flowcharts). The discussion and decision on suspected 
cases are done by the Editorial Board of Genomics & Informatics.

Preparation of manuscripts

General requirement
Authors are recommended to keep the length of papers below 10 
printed pages (30 typed pages of manuscript, including figures 
and tables) for original articles, four printed pages for research 
communications, and two printed pages (approximately 1,400 
words or 1,000 words plus one figure) for application notes. All 
sections of the typescript should be double-spaced on one side of A4 
paper (210 × 297 mm), and all pages must be numbered in order.

Manuscript type
Original articles
Original research articles are full scientific reports of original 
research. The manuscript should be organized as follows: Title 
Page, Abstract & Keywords, Introduction, Methods, Results, 
Discussion, Acknowledgments, References, Tables, and Figure 
Legends. The Results and Discussion can be combined. 



Application notes
Application notes are short communications about novel software, 
new algorithm implementations, databases, and network services 
(web servers and interfaces). The manuscripts include the following: 
Title Page, Abstract & Keywords, Availability, Introduction, Main 
Text, References, and Supplementary Information.

Clinical genomics
Clinical genomics is for a short report of all kinds of genome 
analysis data from clinical fields, such as cancer, diverse complex 
diseases, and genetic diseases. Especially, Genomics & Informatics 
would encourage submitting cancer panel analysis data for a single 
cancer patient or a group of patients. Genomics & Informatics also 
would encourage depositing genome data into the Genomics & 
Informatics database. The manuscript should be organized as 
follows: Title Page, Abstract & Keywords, Introduction, Methods, 
Results, Discussion, Acknowledgments, References, Tables, 
and Figure Legends. The Introduction, Methods, Results, and 
Discussion can be combined.

Genome archives
Genome Archives is for a short manuscript announcing the genetic 
information of recently sequenced prokaryotic and eukaryotic 
genomes. Genomics & Informatics would encourage depositing 
the genome data into the Genomics & Informatics database. These 
genome archive data can make the rationale for sequencing a 
specific organism. The manuscripts include the following: Title 
Page, Abstract & Keywords, Introduction, Main Text, References, 
Tables, and Figure Legends. 

Letters to the editor
Critical comments are welcomed for correcting errors of published 
facts and for providing alternative interpretations of published data. 
The sequence for a Letter to the Editor is the following: Title Page, 
Text, References, and Names and Affiliations of Authors. If needed, 
tables and figures can be included. A Letter to the Editor should not 
be longer than a printed page.

Review articles
Review Articles are usually solicited by the Editor-in-Chief. Authors 
wishing to prepare a review article should contact the Editor-in-
Chief to discuss the suitability of the subject for the journal. There 
is no specific requirement for subsections of the body text of the 
paper.

Opinions / Commentaries
An opinion or commentary piece is a short article that conveys 

the author’s viewpoint on a research publication, including 
interpretation of data, value of methods used, and strengths/
weaknesses, regarding any topic relevant to the field of research. 
Opinion (or commentary) articles provide insight, interpretation, 
and evaluation of specific issues, within the scope of the journal. 
Opinions should explain the implications of the article and describe 
the most important conclusions of the paper they are commenting 
on, highlight controversial issues, mention the strengths and 
weaknesses of the paper, highlight the presenter's omission of 
key facts, and mention supporting arguments that would create a 
stronger presentation. Opinions are relatively short articles, around 
1000 words, allowing maximum freedom of authors’ viewpoints, 
and are peer-reviewed. The articles are copyedited, citable, 
published in both PDF and HTML formats, and submitted for 
indexing in digital archives (e.g., PubMed Central). Authors are not 
required to pay a fee to publish an opinion (or commentary) article. 
Commentaries have no set format beyond the basic building blocks 
of a regular article, i.e., title, manuscript text, subheadings as needed, 
references, and author information.

Minireviews
Minireview articles are similar to review articles, except for their 
word limit and references. Minireviews focus on clearly defined 
topics of current interest, and recent developments in specific 
fields. Therefore, they offer a fast and easy means to keep abreast 
of exciting new developments and/or concepts. The word limit for 
minireview articles is 1000 words (or 2 double-spaced pages), with 
no more than 30 references. Minireview articles are peer-reviewed, 
copyedited, citable, published in both PDF and HTML formats, 
and submitted for indexing in digital archives, such as PubMed 
Central. Authors are required to pay a fee to publish a minireview.

Research communications
Research communication (RC) intends to deliver significant 
scientific discovery with broad interest in a short format. RCs may 
contain unstructured main text that includes introduction, results 
and discussion. RCs typically have no more than 2 display items 
(figures and tables) and the main text (not including abstract, 
references, tables and figure legends) is limited to 1,500 words. 
RCs may have online supplementary section.

Manuscript Format
Title
The title page should include (1) the full names of all authors 
with their Open Researchers and Contributors ID (ORCID), 
and the name(s) and address(es) of the institution(s) at which the 
work was carried out; (2) the telephone and fax numbers, and the 



E-mail address of the corresponding author; and (3) a running 
title of no more than 50 characters, including spaces. Place an 
asterisk (*) after the corresponding author.

Abstract 
The abstract should be unstructured and a single paragraph of fewer 
than 250 words. References should not be cited in the abstract. 
Six or fewer keywords should be appended to the abstract in 
alphabetical order. When possible, the keywords should be those 
found in the Medical Subject Headings of Index Medicus.

Main text:
All papers should be divided into the following sections and 
appear in this order:

(1) Introduction: The paper begins with an introduction 
without subheadings that reviews the literature and states 
and justifies the purpose of the research.

(2) Methods: This section should contain sufficient detail so 
that all procedures can be repeated, in conjunction with 
the cited references. The manufacturer and model number 
should be stated in this section—for example, as Sigma 
Chemical Co. (St. Louis, MO, USA).

(3) Results: This section should describe the results of the 
experiments. Extensive interpretation should be reserved for 
the Discussion section. The results should be presented as 
concisely as possible. Footnotes should not be used and will 
be transferred to the text. Gene symbols should be italicized; 
protein products are not italicized.

(4) Discussion: This section should provide an interpretation 
of the results in relation to previously published work 
and to the experimental system at hand. The Results and 
Discussion may be combined.

(5) Acknowledgments: Information concerning the 
sources of financial support should be included in the 
acknowledgments.

Authors’ contribution
If the number of authors is equal to or greater than two, the 
authors’ roles should be described according to their specific 
role. Genomics & Informatics participates in the CRediT standard 
for author contributions. The contributions of all authors must 
be described using the CRediT Taxonomy of author roles. 
For each of the categories below, please enter the initials of the 
authors who contributed in that category. If listing more than one 
author in a category, separate each set of initials with a space. If 
no one contributed in a category, you may leave that box blank. 
The corresponding author is responsible for completing this 

information at submission, and it is expected that all authors 
will have reviewed, discussed, and agreed to their individual 
contributions ahead of this time.

• Conceptualization: AB
• Data curation: EFG
• Formal analysis: AB
• Funding acquisition: CD
• Methodology: AB, CD, EFG
• Writing – original draft: AB, EFG
• Writing – review & editing: AB, CD, EFG

Reference 
The references should include only articles that are published or 
in press. Unpublished data, submitted manuscripts, abstracts, and 
personal communications should be cited within the text only. 
References are to be numbered in the order of citation within the 
article in brackets. References with up to six authors must list all 
names; for more than six authors, the first six names should be 
listed, followed by “et al.” Journal name titles should be abbreviated 
in accordance with the NLM Catalog, available from: https://
www.ncbi.nlm.nih.gov/nlmcatalog/journals, or the ISO 4 standard, 
available from: http://www.issn.org/services/online-services/
access-to-the-ltwa/?letter=a.
Examples of references are given below:

Journal article
- Park J, Lappe M, Teichmann SA. Mapping protein family 

interactions: intramolecular and intermolecular protein 
family interaction repertoires in the PDB and yeast. J Mol Biol 
2001;307:929-938.

- Cho SM, Jung SH, Chung YJ. A variant in RUNX3 is associated 
with the risk of ankylosing spondylitis in Koreans. Genomics 
Inform 2017;15:65-68.

- Thomas PD, Campbell MJ, Kejariwal A, Mi H, Karlak B, 
Daverman R, et al. PANTHER: a library of protein families and 
subfamilies indexed by function. Genome Res 2003;13:2129-
2141.

Books
- Cowan WM, Jessell TM, Zipursky SL. Molecular and Cellular 

Approaches to Neural Development. New York: Oxford 
University Press, 1997.

Book sections
- Sorenson PW, Caprio JC. Chemoreception. In: The Physiology 

of Fishes (Evans DH, ed.). Boca Raton: CRC Press, 1998. pp. 
375-405.

Online document
- Puniyani AR, Lukose RM. Growing random networks under 



constraints. Ithaca: Cornell University Library, 2001. Accessed 
2011 Oct 3. Available from: http://xxx.lanl.gov/abs/cond-
mat/0107391.

Conference paper
- Han H. Nonnegative principle component analysis for mass 

spectral serum profiles and biomarker discovery. In: The 8th 
Asia-Pacific Bioinformatics Conference (Parida L, Myers G, 
eds.), 2010 Jan 18-21, Bangalore.

Dissertation/Thesis
- Hwang KB. Hierarchical probabilistic graphical models for large-

scale data analysis. Ph.D. Dissertation. Seoul: Seoul National 
University, 2005.

Tables and figures 
Figure legends and tables should be included in the submitted 
manuscript as separate sections and should be formatted following 
the style of the journal. Each figure legend should have a brief, 
separate title that describes the entire figure without citing specific 
panels. The manuscript should be submitted with a set of figures 
of sufficient quality for reviewers to judge the data. All figures may 
be provided in color for the electronic version of the journal, even 
if the print version is in black and white. Figures will be printed in 
color only when in the reviewers' opinions the color is essential.

Photographs and illustrations should be of professional quality. 
Images should be provided as TIFF files. JPEG is also acceptable 
when the original format is JPEG. Each figure must be of 300 
dpi or higher resolution with good contrast and sharpness. If a 
figure is to be reduced, all elements, including labels, should be 
able to withstand reduction and remain legible. Electron and 
light microscopic figures must be original or scanned copies 
from the original. The magnification should be indicated on each 
micrograph with a scale bar.

Tables are to be organized in portrait view and may run, if 
necessary, to subsequent pages in the vertical direction only. Tables 
should be designed for printing within two (17.5 cm) columns of 
width in no less than 10-point font and should not exceed more 
than the width of a journal page. If a table does not fit into this 
format, consider shortening row or column labels, using more 
than one table to display the data, eliminating unnecessary data, or 
converting table data into a figure or transferring part of the table 
data to the supplement.

Scientific names 
The full formal Latin name for a taxon (e.g., Homo sapiens ) 
should be provided the first time that the taxon is mentioned and 
should be italicized. In subsequent sentences, the scientific name 
of all taxa in the same genus should be abbreviated to the first 

initial of the generic name and the species name (e.g., H. sapiens), 
except where this usage creates confusion or ambiguity. When 
common names are used, the scientific name should be provided 
the first time the taxon is mentioned in the abstract and again the 
first time that taxon is mentioned in the main manuscript [e.g., 
“red pine (Pinus densiflora)...”]. Other taxonomic designations 
(e.g., family names) should not be italicized, and common names 
should not be capitalized.

Units and equations 
Standard metric units should be used for describing length, 
height, weight, and volume. The unit of temperature is given in 
degrees Celsius (°C). All others are in terms of the International 
System of Units (SI). All unit symbols must be preceded by one 
space except percentage (%) and temperature (°C). All equations 
should be numbered in Arabic numerals.

Abbreviations 
Abbreviations must be used as an aid to the reader, rather than 
as a convenience of the author, and therefore, their use should be 
limited. Generally, avoid abbreviations that are used less than 3 
times in the text, including the tables and figure legends. In addition 
to abbreviations for SI units, common molecular, chemical, 
immunological, and hematological terms can be used without 
definition in the title, abstract, text, tables, and figure legends—
e.g., bp, kb, kDa, DNA, cDNA, RNA, mRNA, and PCR. Other 
common abbreviations are as follows (the same abbreviations are 
used for plural forms): h (hour; use 0-24:00 h for time), s (second), 
min (minute), day (not abbreviated), week (not abbreviated), 
month (not abbreviated), year (not abbreviated), L (liter), mL 
(milliliter), μL (microliter), g (gram), kg (kilogram), mg (milligram), 
μg (microgram), ng (nanogram), pg (picogram), g (gravity; not 
×g), n (sample size), SD (standard deviation of the mean), and SE 
(standard error of the mean).

Supplementary materials 
Supplementary materials can be provided to support and enhance 
scientific information. Supplementary files offer additional 
possibilities for publishing supporting applications, sequence 
alignment, background datasets, microarray hybridization 
experiments, high-resolution images, movies, sound clips, and 
more. Supplementary files will be published alongside the online 
version of the article on the Genomics & Informatics web site. This 
material will not be edited or formatted; thus, the authors are 
responsible for the accuracy and presentation of all such material.
Accepted file formats for supplementary materials:

• Quick Time files (.mov)



• Graphical image files (.gif)
• HTML files (.html)
• MPEG movie files (.mpg)
• JPEG image files (.jpg)
• Sound files (.wav)
• Plain ASCII text (.txt)
• Acrobat files (.pdf)
• MS Word documents (.doc)
• Postscript files (.ps)
• MS Excel spreadsheet documents (.xls)
• PowerPoint (.ppt)
• TeX and LaTeX

File sizes must be as small as possible, for quick downloading. 
Recommended specifics are:

• Videos
- File size: <150 MB
- Frame rate: 30 frames per second
- Field order: none (progressive, not interlaced)
- Aspect ratio: widescreen 16:9
- Video codec: H.264
- Video bitrate: 2 Mbps
- Audio codec: AAC
- Audio bitrate: 128 kbps

• Images
- Frame size: 300 dpi in resolution
- Frame rate: 300 dpi in resolution and 10-15cm in width

Please seek advice from the editorial office before sending files 
larger than our recommended size to avoid delays in publication.

Accession numbers 
Please provide accession numbers for any new data (SNPs, 
gene sequences, protein sequences, CNVs, microarray data, or 
structures), which must be deposited in the appropriate genome- 
or locusspecific database, in a separate section entitled “Accession 
Numbers,” following the Web Resources section (or the 
Acknowledgments section if no online resources or appendices 
have been used), directly above the reference list. Please use 
the following format to list accession numbers: “The accession 
number(s) for the _______ sequence(s) reported in this paper 
is/are [database]: [accession number].”

Gender equity (Described according to ICMJE recommendation 
available from
http://www.icmje.org/recommendations/browse/manuscript-
preparation/preparing-for-submission.html) 

Selection and Description of Participants 
Clearly describe the selection of observational or experimental 
participants (healthy individuals or patients, including controls), 
including eligibility and exclusion criteria and a description of the 
source population. Because the relevance of such variables as age, 
sex, or ethnicity is not always known at the time of study design, 
researchers should aim for inclusion of representative populations 
into all study types and at a minimum provide descriptive data for 
these and other relevant demographic variables. Ensure correct 
use of the terms sex (when reporting biological factors) and 
gender (identity, psychosocial or cultural factors), and, unless 
inappropriate, report the sex and/or gender of study participants, 
the sex of animals or cells, and describe the methods used to 
determine sex and gender. If the study was done involving an 
exclusive population, for example in only one sex, authors should 
justify why, except in obvious cases, (e.g., prostate cancer).” 
Authors should define how they determined race or ethnicity and 
justify their relevance.

Submission of Manuscript

The manuscript should be submitted in MS Word file format. The 
recommended font is Times New Roman with a 11-point font size. 
All manuscripts must be submitted online through the Genomics 
& Informatics e-submission system at http://submit.genominfo.
org. Any questions concerning manuscript submission should 
be directed to: Editor, Genomics & Informatics, Korea Genome 
Organization, The Korean Federation of Science and Technology 
Societies, Room No. 806, 193 Mallijae-ro, Jung-gu, Seoul 04501, 
Korea (http://www.kogo.or.kr, Tel: +82-2-558-9394, Fax: +82-2-
558-9434, E-mail: kogo@kogo.or.kr).

Peer review and revision of manuscripts

Peer review
A manuscript is generally reviewed by at least two peer reviewers 
qualified to evaluate the manuscript. It is a single blind peer review. 
An initial decision will normally be made within one month of 
receipt of a manuscript. A manuscript that has been published or of 
which a substantial portion has been published elsewhere will not 
be accepted. The Editor-in-Chief is responsible for final decisions 
regarding the acceptance of a peer-reviewed paper.

Manuscript revision
When a manuscript is returned to the corresponding author for 
revision, the reviewed manuscript must be re-submitted within 
one month, unless the authors request an extension. A galley proof 



and reprint order form will be sent to the corresponding author. 
The corresponding author is responsible for communicating with 
the other authors about revisions and final approval of the proofs. 
The first proofreading is the author’s responsibility, and the proof 
should be returned within three days from the date of receipt.

Copyrights, open access policy and open data policy

Copyright
The regulations for acceptance of a manuscript for publication 
automatically include the consent of the author(s) to transfer 
the copyright or license to KOGO. Authors should complete a 
Copyright Agreement Form (CAF) at the time of proofreading. 
The corresponding author can sign on behalf of any co-authors. 
The CAF can be obtained from the editorial office. Acceptance 
of the agreement will ensure full copyright protection and help to 
disseminate the article to the widest possible readership in print 
and electronic formats. The authors are responsible for obtaining 
permission to reproduce copyrighted material from other sources 

Open access policy
Genomics & Informatics is an open access journal. Articles are 
distributed under the terms of the Creative Commons Attribution 
license (http://creativecommons.org/licenses/by-nc/4.0/), 
which permits unrestricted use, distribution, and reproduction in 
any medium, provided the original work is properly cited for non-
commercial purposes. To use the tables or figures of Genomics 
& Informatics in other periodicals, books, or media for scholarly, 
educational, or even commercial purposes, the process of permission 
request to the Publisher is not necessary. This is in accordance with 
the Budapest Open Access Initiative definition of open access. It 
also follows the open access policy of PubMed Central at the United 
States National Library of Medicine (http://www.ncbi.nlm.nih.
gov/pmc/). All of the content of the journal is available immediately 
upon publication without an embargo period. 

Archiving policy
It is accessible without barrier from Korea Citation Index (https://
kci.go.kr), National Library of Korea (http://nl.go.kr), or PubMed 
Central (https://www.ncbi.nlm.nih.gov/pmc/journals/1928/) in 
the event a journal is no longer published.

Deposit policy (Self-archiving policy) according to Sherpa/
Romeo
(http://www.sherpa.ac.uk/): Author can not archive pre-print 
(i.e., pre-refereeing). Author can archive post-print (i.e., final draft 
post-refereeing).

Author can archive publisher’s version/PDF.

Open data policy
Data sharing is recommended. If the data are already public, 
the URL site or sources should be disclosed. If data can not be 
publicized, it can be negotiated with the editor. If there are any 
inquiries on depositing data, author s should contact the editorial 
office. 

Clinical data sharing policy
This journal follows the data sharing policy described in “Data 
Sharing Statements for Clinical Trials: A Requirement of the 
International Committee of Medical Journal Editors” (https://
doi.org/10.3346/jkms.2017.32.7.1051). As of July 1, 2018, 
manuscripts submitted to ICMJE journals that report the results 
of clinical trials must contain a data sharing statement as described 
below. Clinical trials that begin enrolling participants on or after 
January 1, 2019 must include a data sharing plan in the trial's 
registration. The ICMJE's policy regarding trial registration 
is explained at www.icmje.org/recommendations/browse/
publishingand-editorial-issues/clinical-trial-registration.html. If the 
data sharing plan changes after registration, this should be reflected 
in the statement submitted and published with the manuscript 
and updated in the registry record. Data sharing statements must 
indicate the following: whether individual deidentified participant 
data (including data dictionaries) will be shared; what data in 
particular will be shared; whether additional, related documents 
will be available (e.g., study protocol, statistical analysis plan, etc.); 
and when the data will become available and for how long; by what 
access criteria data will be shared (including with whom, for what 
types of analyses, and by what mechanism). Illustrative examples of 
data sharing statements that would meet these requirements are in 
Table 1.

Detailed Description of Use of Articles of Genomics & Informatics
Reader benefit
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes and allows free immediate 
access to, and unrestricted reuse of, original works of all types.

Reuse benefit
Publisher applies the Creative Commons Attribution Non-
Commercial license to works it publishes and allows free immediate 
access to, and unrestricted reuse of, original works of all types.

Copyrights
Publisher applies the Creative Commons Attribution Non-



Commercial license to works it publishes. Under this license, 
although publisher retains ownership of the copyright for content, 
it allows anyone to download, reuse, reprint, modify, distribute, 
and/or copy the content.

Author posting benefit:
Publisher applies the Creative Commons Non-Commercial 
Attribution license to works it publishes. Under this license, 
although publisher retains ownership of the copyright for content, 
it allows anyone, including author, to download, reuse, reprint, 
modify, distribute, and/or copy the content.

Automatic Posting:
Publisher immediately deposits the accepted articles in PubMed 
Central (http://pubmedcentral.org/) and journal homepage 
(https://genominfo.org/) upon publication.

Table 1. Examples of data sharing statements that fulfill ICMJE requirementsa

Element Example 1 Example 2 Example 3 Example 4

Will individual participant 
data be available (including 
data dictionaries)?

Yes Yes Yes No

What data in particular will 
be shared?

All of the individual participant 
data collected during the trial, 
after deidentification.

Individual participant data 
that underlie the results 
reported in this article, after 
deidentification (text, tables, 
figures, and appendices).

Individual participant data that underlie 
the results reported in this article, after 
deidentification (text, tables, figures, and 
appendices).

Not available

What other documents will 
be available?

Study protocol, statistical 
analysis plan, informed 
consent form, clinical study 
report, analytic code

Study protocol, statistical 
analysis plan, analytic code

Study protocol Not available

When will data be available 
(start and end dates)?

Immed ia te l y  fo l l ow ing 
publication. No end date.

Beginning 3 months and ending 
5 years following article 
publication.

Beginning 9 months and ending 36 months 
following article publication.

Not applicable

With whom? Anyone who wishes to access the 
data.

Researchers who provide a 
methodologically sound 
proposal.

Investigators whose proposed use of the 
data has been approved by an independent 
review committee (“learned intermediary”) 
identified for this purpose.

Not applicable

For what types of analyses? Any purpose To achieve aims in the approved 
proposal.

For individual participant data meta-analysis. Not applicable

By what mechanism will 
data be made available?

Data are available indefinitely at 
(link to be included).

Proposals should be directed to 
xxx@yyy. To gain access, data 
requestors will need to sign a 
data access agreement.

Proposals may be submitted up to 36 months 
following article publication. After 36 months, 
the data will be available in our University's 
data warehouse but without investigator 
support other than deposited metadata.

Not applicable

Information regarding submitting proposals and 
accessing data may be found at (link to be 
provided).

Data are available for 5 years at 
a third-party website (link to 
be included).

ICMJE, International Committee of Medical Journal Editors.
aThese examples are meant to illustrate a range of, but not all, data sharing options. 

Machine readability:
Genomics & Informatics articles can be accessed programmatically 
through PubMed Central or Europe PMC's RESTful Web Service 
(https://europepmc.org/RestfulWebService). For inquiries, please 
contact editorial office, as below:

Article processing charge

Neither page charge, article processing fee nor submission fee will 
be applied since 2019. It is the platinum open access journal 
Contact address
Editorial office

Room No. 806, 193 Mallijae-ro, Jung-gu, Seoul 04501, Korea
Tel: +82-2-558-9394
Fax: +82-2-558-9434
E-mail: kogo3@kogo.or.kr
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For the policies on research and publication ethics that are not 
stated in these instructions, the Good Publication Practice 
Guidelines for Medical Journals (http://kamje.or.kr/intro.
php?body=publishing_ethics) and the Guidelines on Good 
Publication(http://publicationethics.org/resources/guidelines) 
can be applied. The Editor-in-Chief reserves the right to reject 
manuscripts that do not comply with the below requirements. The 
author will be held responsible for false statements or failure to 
fulfill the below requirements.

Statement of Informed Consent 

Copies of written informed consent and Institutional Review 
Board (IRB) approval for clinical research should be kept. If 
necessary, the editor or reviewers may request copies of these 
documents to resolve questions about IRB approval or study 
conduct.

Statement of Human and Animal Rights 

All human investigations must be conducted according to the 
principles expressed in the Declaration of Helsinki. All studies 
involving animals must state that the guidelines for the use and 
care of laboratory animals of the authors’ institution, or of any 
national law, were followed. Registration of clinical trial research: 
Any research that deals with a clinical trial should be registered 
with the primary national clinical trial registry site, such as the 
Korea Clinical Research Information Service (CRiS, http://cris.
nih.go.kr), other primary national registry sites accredited by the 
World Health Organization (http://www.who.int/ictrp/network/
primary/en/), or ClinicalTrials.gov (http://clinicaltrials.gov/), a 
service of the United States National Institutes of Health.

Authorship
 
Authorship credit should be based on 1) substantial contributions 
to conception and design, acquisition of data, and/or analysis and 
interpretation of data; 2) drafting the article or revising it critically 
for important intellectual content; 3) final approval of the version 
to be published; and 4) agreement to be accountable for all aspects 
of the work in ensuring that questions related to the accuracy or 
integrity of any part of the work are appropriately investigated and 
resolved. Every author should meet all of these four conditions. 

Publication ethics
After the initial submission of a manuscript, any changes 
whatsoever in authorship (adding author(s), deleting author(s), or 
re-arranging the order of authors) must be explained by a letter to 
the editor from the authors concerned. This letter must be signed 
by all authors of the paper. Copyright assignment must also be 
completed by every author.

Corresponding author and first author 
It does allow multiple corresponding authors for one article. Only 
one author should correspond with the editorial office. It does 
accept notice of equal contribution for the first author when the 
study was clearly performed by co-first authors.

Correction of authorship after publication 
It does not correct authorship after publication unless a mistake 
has been made by the editorial staff. Authorship may be changed 
before publication but after submission when an authorship 
correction is requested by all of the authors involved with the 
manuscript.

Conflict of Interest Statement 

The corresponding author must inform the editor of any potential 
conflicts of interest that could influence the authors’ interpretation 
of the data. Examples of potential conflicts of interest are financial 
support from or connections to pharmaceutical companies, 
political pressure from interest groups, and academically related 
issues. In particular, all sources of funding applicable to the study 
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