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Abstract
Background: NGS technology represents a powerful alternative to the standard Sanger sequencing in the context
of clinical setting. The proprietary software that are generally used for variant calling often depend on preset
parameters that may not fit in a satisfactory manner for different genes.
GATK, which is widely used in the academic world, is rich in parameters for variant calling. However the selfadjusting parameter calibration of GATK requires data from a large number of exomes. When these are not
available, which is the standard condition of a diagnostic laboratory, the parameters must be set by the operator
(hard filtering). The aim of the present paper was to set up a procedure to assess the best parameters to be used in
the hard filtering of GATK. This was pursued by using classification trees on true and false variants from simulated
sequences of a real dataset data.
Results: We simulated two datasets, with different coverages, including all the sequence alterations identified in a
real dataset according to their observed frequencies. Simulated sequences were aligned with standard protocols
and then regression trees were built up to identify the most reliable parameters and cutoff values to discriminate
true and false variant calls. Moreover, we analyzed flanking sequences of region presenting a high rate of false
positive calls observing that such sequences present a low complexity make up.
Conclusions: Our results showed that GATK hard filtering parameter values can be tailored through a simulation
study based-on the DNA region of interest to ameliorate the accuracy of the variant calling.
Keywords: NGS, Variant calling, Variant filtering, Targeted gene panel, SNV, Indel

Background
In the last decade, sequencing technologies, the socalled next generation sequencing (NGS), have delivered
a step change in the ability to sequence genome, leading
to a state of permanent evolution.
NGS platforms allow to detect mutations significantly
reducing time and costs [1, 2]. Ion Torrent Personal
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Genome Machine (PGM) started to be distributed in
2011 [3] and thus to be used for the identification of
genetic variants associated to human diseases [4, 5].
Indel detection, in particular, in homopolymer region
have a high positive rate [6, 7] which have to be lowered
for clinical applications [8, 9]. Thus the major challenge
in NGS regards the correct manipulation of output data
[10] assembling appropriate pipeline, including aligner
and variant caller. Diverse algorithms for alignment have
been compared in many studies [11, 12]. Caboche et al
[13] compared different mapping algorithms with Ion
Torrent data, in terms of computational requirement,
mapper robustness, ability to map reads in repeated
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regions and behavior with mutated reference genome.
They were able to optimize a benchmark procedure from
whole genome sequencing of small genomes, highlighting
the importance to evaluate mappers or to optimize parameters of a chosen mapper for a specific application.
Moreover, variant calling pipelines have been compared in
relation to different applications and platforms. Yeo et al.
[14] optimized an indel detection workflow for BRCA1/2
PGM sequencing panel. They compared the proprietary
software Torrent Suite and two open source variant callers, GATK and SAMtools. Their results showed that
SNV detection was less problematic than indel identification using Torrent Suite. Moreover, they demonstrated
how the combination of BWA or TMAP mappers and
SAMtools is able to improve indel detection.
As demonstrated by these studies, the bioinformatic
challenge on NGS data and, in particular, Ion Torrent
data from targeted sequencing requires a lot of efforts in
order to correctly identify the best analysis pipeline.
GATK is a well-known toolbox for NGS data analysis.
Variant Quality Score Recalibration (VQSR) step generate an adaptive model based on metrics, such as strand
bias, from true variants. Thus it could be possible to calculate if a variant is true or false. However, this step
could be used only for whole genome data or for dataset
including more than 30 exomes. For targeted gene
panels, GATK’s Best Practices suggest to set up hard filters specific for the study. In the present study, we compared variant calling results of GATK pipeline including
the use of hard filtering, suggested by GATK’s Best Practices, and the proprietary Torrent Suite Variant Caller
regarding a custom panel including 11 genes. Then, we
focused on two simulated datasets (100 replicates for
each dataset), with high and low coverage, and then we
processed the raw variants called by GATK to set parameters of quality in order to increase the number of
true variants and decrease the number of false variants.

Methods
Real dataset

A dataset of 26 metastastic melanoma formalin-fixed
paraffin embedded (FFPE) samples was studied. Exonic regions of a panel of 11 genes were sequenced
with Ion Torrent PGM. Sequencing data were analyzed using 2 standard pipelines including either the
Torrent Suite (TMAP 4.0.6 aligner and Torrent Variant Caller version 4.2-18 (TVC) with the parameters
“somatic” and “high stringency” switched on) or the
GATK suite for few variants (bwa aligner and GATK
programs; see GATK pipeline section for details).
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the present study was conceived we prepared a catalog
of known variants and their allele frequency using the
information from the real 26 sequenced individuals. The
simulation-based study was then set up using a reference
dataset of 26 individuals with randomly assigned variants
according to the catalog of known variants. The simulated genotypic profiles of each individual were recorded.
For every sample it was prepared by simulation a file
(fasta format) containing the amplicon sequences that
were modified to introduce the assigned variants, repeated 2 times (since humans are diploids) in both the
forward and in the reverse sequence. The dataset of 26
fasta files was then processed with the ART simulator
[15] to generate files (FASTQ format) similar to those
produced by a sequencer of new generation, mimicking
its features and biases. For every sample the ART simulator was launched twice under the hypothesis of a sequencing depth of 20x (low coverage, LC) and 100x
(high coverage, HC), respectively. The 26 files were then
processed using a standard pipeline for variant calling
that includes the aligner BWA and the GATK suite of
programs (see GATK pipeline section). All the still unfiltered variants were tagged as true (actually present in
the fasta file of the simulated subject) or false (not
present in the fasta file and therefore representing the
product of an erroneous call by the bioinformatic variant
calling process) variants. Thus one hundred independent
datasets of 26 individuals were simulated for a total of
5200 simulated samples. By this approach we tried to
simulate several times the most likely scenario (number
of samples per dataset, amplicons used, selected genes,
reported variants) resembling to the real one.
GATK pipeline

We followed the Toolkit for Genome Analysis (GATK,
https://software.broadinstitute.org/gatk/) [16] recommendations of DNAseq best practices for calling variants.
Hence the following software were used: BWA-mem
(http://bio-bwa.sourceforge.net/) for sequence alignment
[17] and GATK 3.4 software for the later steps. In more
detail, sequences underwent the following steps: 1) alignment to the human genome reference version hg19, 2)
realignment around Indels, 3) base recalibration and 4)
variant discovery (using the haplotype caller function in
ERC mode) without been marked for duplicates.
The discovered variants were hard filtered after having
selected the rules to setup the filters from the classification trees as described in the “Filters for the variant calling” and “Classification trees” sections.
Filters for the variant calling

Simulated datasets

The above reported panel of 11 genes was devised to
identify sequence variants in the coding regions. When

Hard filtering evaluated 7 standard GATK filters (BaseQRankSum, ClippingRankSum, DP, MQ, GQ, MQRankSum, ReadPosRankSum, see Additional file 1 for a
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description) and 3 filters (FS, ADT, ADTL) that were not
present in the standard GATK vcf output files. FS is the p
value from the contingency table of the number of reads calling the alleles at the variant site on either the DNA strands
(forward and reverse). ADT and ADTL evaluate imbalances
in calling the reference and the alternative allele (ADT), also
depending on the amount of reads that map on the variant
locus (ADTL). ADT and ADTL are defined as follows:
ADT ¼

jðAD1−AD2Þj
AD1 þ AD2

ADTL ¼ log10 ðAD1 þ AD2Þ ADT
where AD1 and AD2 are the number of unfiltered reads
calling the reference and alternate allele, respectively.
Descriptive statistics were performed using R 3.2.3 and
the kruskal.test function, and ROCR library version 1.0-7.
Classification trees

Every filter was included into classification trees to
target the filter rules that better discriminate the
true variants (listed by GATK and also present in
the simulated sample) from false variants (proposed
by GATK but not present simulated in the sample
under examination). These rules have been then used
for the hard filtering. Eight classification trees were
generated to investigate separately SNV and INDEL,
homozygotes and heterozygotes (as shown by GATK)
under a simulated coverage of 20x or 100x. For
every tree we extracted the selected filters and their
threshold values in order to use them in the phase
of hard-filtering. We extracted the filters that were
listed starting from the root node of the classification tree to the next 2 consecutive daughter nodes
(for a maximum of 7 filters). The filters selection for
each classification tree was made as follows. Comparing every daughter node with the root node we
targeted the nodes that 1) contained at least 10% of
the true calls and 2) where the ratio of the number
of true calls and false calls was greater than 3. To
minimize the number and complexity of the filter
rules we then considered for each targeted node l
(lower node) the upper connected node u (upper
node) closer to the root node. We then selected the
node u instead of the node l when 1) the node l
contained less than 80% of the true calls or 2) when
containing more than 70% of false calls of node u
(i.e. reduction of at least 30% of false calls), respectively. Once the relevant nodes were selected we extracted the filter rules starting from the root node
toward each of the finally selected daughter nodes.
Classification trees were produced using the library
rpart (version 4.1-9) of the R package (version3.1.2)
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Results
Results in the real dataset: GATK vs TVC

In the first part of this study we looked at the results obtained using 2 different standard pipelines on the same
set of sequences. TVC is the software use for targeted
sequencing in bundle with the Ion Torrent sequencer.
GATK is considered the “gold standard” in managing
large NGS data (i.e. exomes and genomes) and can be
used for targeted sequencing. For this reason, we compared TVC calls with those produced by GATK 3.4.
TVC called 399 variants in the entire dataset, 73 of
which were shared with GATK that detected 83 SNVs.
Then we performed the VCF files, which are the output
files of both TVC and GATK, focusing on some Parameters Of sequencing Quality. In particular, DP (Coverage)
and AF (Allele Frequency) tags were shared by VCF outputs. TVC calls showed mean, DP and AF values of
1658.13 and 0.15, respectively. The 73 SNVs called by
both TVC and GATK showed higher mean. This observation could suggest that shared SNVs are true positive
calls, having higher coverage and quality by depth values.
It is noteworthy that mean POQ values of the variants
called only by GATK were similar to TVC calls (DP:
1795.33; AF: 0.16). SNVs identified only by TVC showed
lower mean DP and AF values than shared variations
(663.75, 0.08, respectively). Such results suggest that
SNVs called by TVC may be enriched of many false positives. Indel calling is a highly debated problem when we
refer to Ion Torrent data. In a very preliminary way, we
evaluated mean DP and AF values of 107 Indels identified by GATK, which displayed similar values to those of
shared SNVs (3814.58, 0.16, respectively). No indel was
detected by TVC.
High-coverage and low-coverage simulated datasets: descriptive statistics

To better explore GATK variant calling and to try to
tune the hard filtering parameters (filters), we performed
a simulation-based study, as described in the “Methods”
section. In the High-Coverage (HC) dataset, GATK identified 91115 unfiltered SNVs and 81640 unfiltered Indels.
It is noteworthy that 98.49% and only 21.23% of SNVs
and Indels were true variants, respectively. In the LowCoverage (LC) dataset, 113246 and 88145 unfiltered
SNVs and unfiltered Indels were respectively called. As
expected, we found that the percentage of true variants
was lower in the LC dataset (84.95% for SNVs and 8.68%
for Indels) (Table 1).
We observed that 3.9% of SNVs and 53.8% of Indels
were homozygous in the HC dataset whereas 14.8% of
SNVs and 51.9% of Indels were homozygous in the LC
dataset.
We investigated the distribution of the values of the
individual GATK filters, namely BaseQRankSum,
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Table 1 Overall GATK unfiltered alterations identified in HC and
LC dataset (100 replicates of a dataset of 26 individuals and 11
genes)
TV

FV

Indels

17,359

64,281

SNVs

89,743

1,372

Indels

7,656

80,489

SNVs

96,203

17,043

HC dataset

LC dataset

TV true variants, FV false variants

ReadPosRankSum, ClippingRankSum, DP, MQ, MQRankSum, and GQ (see Additional file 1 for details) between
true and false variants. Table 2 reports the descriptive statistics for the HC dataset and shows that BaseQRankSum,
ReadPosRankSum and DP display a statistically significant
difference both in SNVs and Indels. MQRS showed a statistically significant difference in Indels only.
Table 3 reports the descriptive statistics for the LC
dataset and shows a statistically significant difference for
all the GATK filters with the exception of MQ both in
SNVs and Indels subsets. Of note that GQ always (= the
median value of each of the 100 replicates) presented a
value equal to 99 for the true variants. It is intriguing
that in the case of SNV subset, DP presents the lowest
values in the TVs compared to FVs even the difference is
relatively small.
The performance of all individual filters to discriminate between true and false variants was summarized by
estimating the area under the ROC curve (AUC). Table 4
reports that ADT and GQ showed the best performance.
Additionally every filter showed a better performance for
SNVs rather than Indels (Additional file 2).
It could be noticed that correctly called alterations
showed a higher coverage than false variants, highlighting the importance of this parameter.

Classification trees

We performed the analyses of either SNVs or Indels
subsets stratified by genotype, in HC and LC datasets.
Classification trees (Additional file 3) allowed to set a
series of filter rules for each of the 2 type of sequence alteration. Table 5 shows the parameters and threshold
values to be used for hard-filtering been extracted from
the classification trees.
Notably, the classification tree did not select any reliable filter for homozygous Indels in the LC dataset
(Table 6).
We then explored the sequence of the flanking regions
of each type of alterations, in particular we observed that
short homopolymeric strings are recurrent and therefore
partly responsible for false positive calls (Table 7, Additional file 3).

Discussion
It is well known that there are many technical challenges
involved in getting an accurate variant calling procedure
of NGS data including the bioinformatic analysis. A
number of tools based on complex statistical models has
been developed but many concerns related to their performance remain still open. Since the number of the
called variants varies from software to software, typically
more than one computer program is then used. If the
variant is actually called by all the programs then its
support increases. However, the problem occurs when
the variant is called only by some programs, raising the
suspicion that it is not true. NGS is now applied in many
fields. We were interested in studying the case of targeted sequencing of small set of genes when using a
common NGS platform such as Ion Torrent. When analyzing a few variants (as in the case of a panel of genes
rather than an exome) the GATK guides suggest to use
filters that must be set by the user (hard-filtering) rather
than the adaptive filtering that needs a high number of
variants to work properly. Under these conditions

Table 2 Descriptive statistics of GATK filters in the HC dataset, stratifying calls by type (SNV/Indels). Data are displayed as mean ± sd
SNVs

Indels

TV
mean ± sd

FV
mean ± sd

p-value

TV
mean ± sd

FV
mean ± sd

p-value

BQRS

0.11 ± 0.03

-0.6 ± 0.5

<0.0001

0.28 ± 0.12

0.15 ± 0.05

<0.0001

RPRS

-0.067 ± 0.05

0.05 ± 0.4

0.0009

-0.74 ± 0.22

0.23 ± 0.05

<0.0001

CRS

0.0007 ± 0.02

-0.009 ± 0.29

0.72

0.001 ± 0.07

0.007 ± 0.03

0.6

DP

96.61 ± 0.58

49.25 ± 5.06

<0.0001

109.4 ± 9.57

96.01 ± 0.1

<0.0001

MQ

60 ± 0

59.99 ± 0.07

-

60 ± 0

60 ± 0

-

MQRS

-0.03 ± 0.02

-0.05 ± 0.28

0.3

-0.02 ± 0.09

-0.21 ± 0.04

<0.0001

GQ

99 ± 0

79.15 ± 12.06

-

99 ± 0

73.16 ± 2.7

-

The mean value is the mean value of the median value from each of the 100 replicates
BQRS BaseQRankSum, RPRS ReadPosRankSum, CRS ClippingRankSum, DP depth of coverage, MQ MappingQuality, MQRS MappingQualityRankSum, GQ genotype
quality, TV true variants, FV false variants
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Table 3 Descriptive statistics of GATK filters in the LC dataset, stratifying calls by type (SNV/Indels). Data are displayed as mean ± sd
SNVs

BQRS

Indels

TV
mean ± sd

FV
mean ± sd

p-value

TV
mean ± sd

FV
mean ± sd

p-value

0.02 ± 0.02

-0.27 ± 0.12

<0.0001

0.16 ± 0.16

0.01 ± 0.03

<0.0001

RPRS

-0.19 ± 0.03

-0.31 ± 1.1

<0.0001

-1.29 ± 0.3

0.04 ± 0.04

<0.0001

CRS

-0.02 ± 0.02

-0.05 ± 0.07

<0.0001

-0.004 ± 0.12

-0.04 ± 0.01

0.001

DP

19.97 ± 0.17

22.72 ± 1.3

<0.0001

21.83 ± 1.97

20.24 ± 0.42

<0.0001

MQ

60 ± 0

60 ± 0

-

60 ± 0

60 ± 0

-

MQRS

-0.06 ± 0.01

-0.1 ± 0.08

<0.0001

-0.15 ± 0.15

-0.1 ± 0.04

0.03

GQ

99 ± 0

20.04 ± 2.9

-

99 ± 0

17.94 ± 0.92

-

The mean value is the mean value of the median value from each of the 100 replicates
BQRS BaseQRankSum, RPRS ReadPosRankSum, CRS ClippingRankSum, DP depth of coverage, MQ MappingQuality, MQRS MappingQualityRankSum, GQ genotype
quality, TV true

Table 4 Perfomance of the individual filters evaluated to
discriminate between true and false variants by the AUC values
from ROC curve, grouped by type of variants (SNV or Indel) and
status of the genotype call (homozygote or heterozygote)
according to the depth of sequencing (LC or HC dataset)
SNV

Indel

Homo

Het

Homo

Het

0.73

0.53

0.5

0.53

HC dataset
BQRS
RPRS

0.57

0.61

0.52

0.68

CRS

0.5

0.51

0.53

0.5

DP

0.79

0.8

0.76

0.6

MQ

0.55

0.5

0.6

0.63

MQRS

0.52

0.53

0.58

0.58

GQ

0.65

0.95

0.77

0.77

ADT

0.96

0.8

0.56

0.94

ADTL

0.8

0.77

0.72

0.94

FS

0.51

0.62

0.51

0.54

LC dataset
BQRS

0.58

0.65

0.5

0.52

RPRS

0.53

0.5

0.54

0.74

CRS

0.52

0.5

0.51

0.51

DP

0.63

0.67

0.52

0.62

MQ

0.51

0.54

0.54

0.52

MQRS

0.52

0.52

0.51

0.5

GQ

0.79

0.99

0.53

0.97

ADT

0.98

0.99

0.5

0.92

ADTL

0.67

0.98

0.54

0.98

FS

0.5

0.54

0.5

0.54

(which are very common since many laboratories developed their own panel of specific genes to study the association with a specific phenotype) it becomes important to
tailor the filters to call the true variants on the specific design. It is likely that different panels of genes and even different designs for the same panel of genes require a
different setup of filters. We therefore tried to explore
through a simulation-based study the outcomes that the
pipeline for the variant calling may encounter. We were
interested in the study of a specific scenario made up a
group of individuals with a specific sequencing design. We
measured the performance inthe calling true variants for
each of the filters that can be set when working with hardfiltering. Hence we used classification trees on a large data
simulated dataset of true and false variants.
In the present paper, we studied several standard
and non standard GATK filters to be used for hardfiltering in the context of a targeted gene panel sequencing. Firstly, we analyzed a real dataset coming
from the sequencing of an Ion Torrent targeted gene
panel observing a high discrepancy between TVC and
GATK, particularly for Indels, suggesting that such
type variants are even difficult to be detected by the
present bionformatic tools. In fact the importance to
define a “gold standard” dataset to test variant calling
methods is a very hot topic. Recently, “synthetic”
matched tumor/normal samples was created for comparing performances of popular variant callers in detection of “somatic” SNVs. However, even if they had
the advantage to refer to NIST-GIAB [18] as gold
standard, authors could not discriminate “somatic”
SNVs from germline background, an important issue
when studying tumors, and moreover the batch that
they purchased was not the same used for NISTGIAB [19]. In the present study, we decided to simulate two datasets, each with a different coverage and
carrying alterations found in real data. Notwithstanding this investigation did not simulate tumor
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Table 5 Parameters and their thresholds selected by regression trees
Sequencing depth

Variant type

Genotype by GATK

Filter rule

20x

SNV

homozygous

ADT > =0.98

20x

SNV

heterozygous

ADT < 0.55

20x

INDEL

homozygous

N/A (*)

20x

INDEL

heterozygous

ADT < 0.26 & GQ > =98.5 & DP > =23.5 & MQ > =59.5
ADT < 0.26 & DP > 23.5 & ReadPosRankSum < -1.55

100x

SNV

homozygous

ADT > =0.96

100x

SNV

heterozygous

GQ > =68.5

100x

INDEL

homozygous

ADTL > =5.08

100x

INDEL

heterozygous

ADT < 0.15 & MQ > =59.91 & GQ > =98.5

(*): no reliable filters were selected by classification trees

Table 6 Results by the application of selection parameters and their thresholds on simulated datasets
TV
N (%)

FV
N (%)

Variant selected by hard filtering %

Overall

2,382 (66.6)

1,195 (33.4)

93.9

Selected

2,238 (98.6)

31 (1.3)

Overall

87,361 (99.8)

177 (0.2)

Selected

86,166 (99.9)

24 (0.03)

Overall

54 (0.12)

43,871 (99.8)

Selected

15 (75)

5 (25)

Overall

17.305 (45.8)

20,410 (54.1)

Selected

14,646 (94)

935 (6)

Overall

2,084 (12.38)

14,721 (87.6)

Selected

2,020 (92.2)

171 (7.8)

Overall

95,119 (97.6)

2,322 (2.3)

Selected

94,602 (99.9)

80 (0.08)

Overall

154 (0.4)

45623 (99.6)

Selected

154 (0.4)

45623 (99.6)

Overall

7,502 (17.6)

34,889 (82.3)

Selected

3,226 (99.1)

27 (0.8)

HC dataset
Homo SNVs

Het SNVs
98.6

Homo indels
27.7

Het indels
84.6

LC dataset
Homo SNVs
96.9

Het SNVs
99.4

Homo indels
100

Het indels
43

% have to be intended as the percentage of unfiltered variants for “overall”calls and as the percentage of alterations which were not filtered out in the hard
filtering process for “selected”calls; % of selection indicates the amount of variants selected from the total callset. TV true variants, FV false variants
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Table 7 Homopolymeric sequences flanking false positive
variants
Chr

Position

Flanking sequence N° of occurrences

HC dataset
Homo SNVs

chr10 131565164 CCGGTTGGGGA

Het SNVs

chr13 48919347

chr3

chr3
Homo Indels chr4

Het Indels

178921420 GGACTGTTTTT
TAAACATTTTA

77
73
63

178937372 CTTGGTAAAAG

9

55602995

1842

AGAGCCAAAAA

chr10 89693016

AAGTTATTTTT

1802

chr13 48955363

AGTTACTTTTT

2175

chr3

178941853 CTATCCTTTTT

1678

chr2

204736165 GGGTTGTTTTT

334

LC dataset
Homo SNVs

chr13 48954225
Het SNVs

chr7

GGTAAATTTTT

140534584 AAACAGAAAAA

chr13 48955464

CTTTGATTTTT

241
32
20

Homo Indels chr7

140481508 AACAGTAAAAA

1153

chr7

140481513 TAAAAAAGTCA

1084

chr3

69915434

TAAAGGAAAAA

1202

AAGTTATTTTT

1107

Het Indels

chr10 89693016

Variant locus is on the 6th nucletide (bold) of the 11 nucleotide string
(flanking sequence)

heterogeneity, GATK variant calling was tested both
in a relative high coverage and low coverage
conditions.
Recently, Vanni et al [20] highlighted the discrepancy between TVC and GATK, which was also observed in our study, excluding indel calls from
comparison. They considered Phred score ranging 5–
30 to mark low-quality variants. Our results show
that such approach could not be enough to have a
high quality GATK call set. In detail, we evidenced
that different parameters could be tuned depending
on type of mutations and genotypes suggested. In a
previous study, authors focused on the detection of
parameters that could allow to improve indel detection [7]. They focused on two parameters regarding
the frequency of reference and alternate alleles and
the variance of the width of inserted/deleted sequences. The first parameters is similar to our ADT
and ADTL filters, which were involved in the step of
selection for the reduction of false positives. They observed that the numbers of false positive regarded in
particular indel in homopolymeric regions. In a similar way we observed that flanking regions, were homopolymeric in a high number of false positive calls.
It is important to reduce errors in these regions because they occur in genomic regions where the occurrence of true alterations is also higher [21]. Variant
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calling of TVC is improving but Indels are still a
problem and thus parallel pipeline with opportune set
up and filters could be helpful to solve this question,
with particular attention on type of platform used for
sequencing and on type of design (e.g., exome, targeted gene panel). Carson et al [22] recently demonstrated how DP and GQ filters could be able to
enhance sensitivity and specificity in whole exome sequencing data. They tested different thresholds and
showed that over a certain threshold accuracy reached
a plateau and notably they demonstrated that VQSR
is not enough to improve variant calling. Indeed, they
concluded that, also when VQSR could be applied,
opportune hard filtering strategies need to be set up.
Our intent was not to target the precise hard filter
parameter values and our results have to be intended
as suggestion in handling data coming from targeted
gene panel sequencing in order to optimize GATK
variant calling outputs.
We observed that hard filtering was able to reduce the
number of unfiltered false positives, with a different efficiency between SNVs (higher) and Indels (lower). True
Indels were hard to be filtered and the performance of
filtering was generally lower than in the case of the
SNVs (i.e. high loss of true variants and high abundance
of false variants; see Table 6). We also observed that the
very majority to the unfiltered Indels called at the homozygous status is represented by false variants. Hence
there are some regions of the DNA reference sequence
that are prone to be recognized as carrying Indels by the
bioinformatic pipeline. Our preliminary investigations
show that these regions often contain low complexity sequences (for instance a short sequence made up of the
same base). A good strategy would be to train in advance the program that operates in the indel parameter
recalibration phase to recognize these regions but this
hypothesis needs to be investigated in more detail. The
reader should note that even if some NGS technologies
are known to read with difficulty the DNA regions having low complexity, we are here asserting that the call
errors of the variants in the low complexity regions are
due to the bioinformatic analysis and not to sequencing
errors as we worked with data produced by the simulator and not by a NGS sequencer. So, in the real world,
regions with low complexity sequences are doubly condemned to possible abundant errors due to both sequencing and the following bioinformatics analysis.
Some results were quite different from the expected.
In particular, we observed that they were detected (unfiltered and then filtered) more SNVs in the case of low
coverage (see Table 6, Het SNVs) than in high coverage.
Of note that in such cases the rate of false variant is very
small even for the unfiltered variants. However, the rate
of false variant is about 10 folds greater in the LC
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dataset. Therefore we hypothesize that variant calling
process is more sensitive because of less specific when
analyzing dataset with a low coverage.
In general terms, as already known, the Indels are
more difficult to be analyzed than the SNVs and a deeper sequencing helps to improve the performance of filtering the true variants. However, such a performance
could vary since complexity of the sequence changes
along the sequence itself. In the case of targeted sequencing, our suggestion is to study in advance the region
that we will be sequenced in order to evaluate the performance of the variant calling procedure over such regions in order to figure out the most problematic areas
to be treated with caution. We also suggest the use of
simulations based on the specific target region which
can help to calibrate the filters for the specific problem.
We argue that it could be useful to set specific filters for
different regions and for different known variants.

Ethics approval and consent to participate
The study was approved by the local Ethics Committee of the Istituto
Tumori “Giovanni Paolo II” of Bari (prot. no. 515/EC of May 12, 2015) and was
conducted in accordance with the international standards of good clinical
practice. All patients signed an informed consent.

Conclusions
The results of our study showed that filters could be
correctly tuned according to coverage and type of alterations. Moreover, it could be useful to test by appropriate simulations the design of amplicon gene panels to
gain a priori knowledge of the possible issues in variant
calling by GATK.

References
1. Chan M, Ji SM, Yeo ZX, Gan L, Yap E, Yap YS, Ng R, Tan PH, Ho GH, Ang P,
Lee ASG. Development of a next-generation sequencing method for BRCA
mutation screening: a comparison between a high-throughput and a
benchtop platform. J MolDiagn. 2012;14:602–12.
2. Costa JL, Sousa S, Justino A, Kay T, Fernandes S, Cirnes L, Schmitt F,
Machado JC. Nonoptical massive parallel DNA sequencing of BRCA1 and
BRCA2 genes in a diagnostic setting. Hum Mutat. 2013;34:629–35.
3. Rothberg JM, Hinz W, Rearick TM, Schultz J, Mileski W, Davey M, Leamon JH,
Johnson K, Milgrew MJ, Edwards M, Hoon J, Simons JF, Marran D, Myers JW,
Davidson JF, Branting A, Nobile JR, Puc BP, Light D, Clark TA, Huber M,
Branciforte JT, Stoner IB, Cawley SE, Lyons M, Fu Y, Homer N, Sedova M,
Miao X, Reed B, et al. An integrated semiconductor device enabling nonoptical genome sequencing. Nature. 2011;475:348–52.
4. Hadd AG, Houghton J, Choudhary A, Sah S, Chen L, Marko AC, Sanford T,
Buddavarapu K, Krosting J, Garmire L, Wylie D, Shinde R, Beaudenon S,
Alexander EK, Mambo E, Adai AT, Latham GJ. Targeted, high-depth, nextgeneration sequencing of cancer genes in formalin-fixed, paraffinembedded and fine-needle aspiration tumor specimens. J MolDiagn. 2013;
15:234–47.
5. Yousem SA, Dacic S, Nikiforov YE, Nikiforova M. Pulmonary Langerhans cell
histiocytosis: profiling of multifocal tumors using next-generation
sequencing identifies concordant occurrence of BRAF V600E mutations.
Chest. 2013;143:1679–84.
6. Jünemann S, Sedlazeck FJ, Prior K, Albersmeier A, John U, Kalinowski J, Mellmann
A, Goesmann A, von Haeseler A, Stoye J, Harmsen D. Updating benchtop
sequencing performance comparison. Nat Biotechnol. 2013;31:294–6.
7. Yeo ZX, Chan M, Yap YS, Ang P, Rozen S, Lee ASG. Improving indel
detection specificity of the Ion Torrent PGM benchtop sequencer. PLoS
One. 2012;7, e45798.
8. Elliott AM, Radecki J, Moghis B, Li X, Kammesheidt A. Rapid detection of the
ACMG/ACOG-recommended 23 CFTR disease-causing mutations using ion
torrent semiconductor sequencing. JBiomol Tech. 2012;23:24–30.
9. Bragg LM, Stone G, Butler MK, Hugenholtz P, Tyson GW. Shining a light on
dark sequencing: characterising errors in Ion Torrent PGM data.
PLoSComputBiol. 2013;9:e1003031.
10. Nielsen R, Paul JS, Albrechtsen A, Song YS. Genotype and SNP calling from
next-generation sequencing data. Nat Rev Genet. 2011;12:443–51.
11. Ruffalo M, LaFramboise T, Koyutürk M. Comparative analysis of algorithms for
next-generation sequencing read alignment. Bioinformatics. 2011;27:2790–6.
12. Pattnaik S, Vaidyanathan S, Pooja DG, Deepak S, Panda B. Customisation of
the exome data analysis pipeline using a combinatorial approach. PLoS
One. 2012;7, e30080.
13. Caboche S, Audebert C, Lemoine Y, Hot D. Comparison of mapping
algorithms used in high-throughput sequencing: application to Ion Torrent
data. BMC Genomics. 2014;15:264.

Additional files
Additional file 1: Technical definitions of Parameters of Sequencing
Quality. (PDF 107 kb)
Additional file 2: Performance of all individual filters to discriminate
between true and false variants estimated by the area under the ROC
curve (AUC). (PDF 595 kb)
Additional file 3: Classification trees to set filter rules. (PDF 9 kb)

Abbreviations
SNV: Single nucleotide variants
Acknowledgment
Fondazione Cariverona
Funding
Publication of this article was funded by Italian Ministry of Health (Ricerca
Corrente 2016).
Availability of data and materials
The real datasets are available upon request from the author. The simulated
datasets can be accessed at http://medgen.univr.it/downloads/bmcBioInf_
DeSumma/index.html
Authors’ contributions
SDS, GM: conceived and designed the study; RP: experiments for real dataset
data; AM, VM: bioinformatic analyses; ST: revision of the manuscript. All
authors have read and approved the final manuscript.
Competing interests
The authors declare that they have no competing interests.

Consent for publication
Not applicable.
About this supplement
This article has been published as part of BMC Bioinformatics Volume 18
Supplement 5, 2017: Selected works from the Joint 15th Network Tools and
Applications in Biology International Workshop and 11th Integrative Bioinformatics
International Symposium (NETTAB / IB 2015). The full contents of the supplement
are available online at https://bmcbioinformatics.biomedcentral.com/articles/
supplements/volume-18-supplement-5.
Author details
1
IRCCS-Istituto Tumori “Giovanni Paolo II”, Molecular Genetics Laboratory,
viale Orazio Flacco, 65, 70124 Bari, Italy. 2Department of Neuroscience,
Biomedicine and Movement Sciences, Section of Biology and Genetics,
University of Verona, Strada Le Grazie 8, 37135 Verona, Italy.
Published: 23 March 2017

The Author(s) BMC Bioinformatics 2017, 18(Suppl 5):119

Page 65 of 65

14. Yeo ZX, Wong JCL, Rozen SG, Lee ASG. Evaluation and optimisation of indel
detection workflows for ion torrent sequencing of the BRCA1 and BRCA2
genes. BMC Genomics. 2014;15:516.
15. Huang W, Li L, Myers JR, Marth GT. ART: a next-generation sequencing read
simulator. Bioinformatics. 2012;28(4):593–4.
16. McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K, Kernytsky A, et al.
The Genome Analysis Toolkit: a MapReduce framework for analyzing nextgeneration DNA sequencing data. Genomeresearch. 2010;20(9):1297–303.
doi:10.1101/gr.107524.110.
17. Li H, Durbin R. Fast and accurate short read alignment with BurrowsWheeler transform. Bioinformatics. 2009;25(14):1754–60. doi:10.1093/
bioinformatics/btp324.
18. Zook JM, Chapman B, Wang J, Mittelman D, Hofmann O, Hide W, Salit M.
Integrating human sequence data sets provides a resource of benchmark
SNP and indel genotype calls. Nat Biotechnol. 2014;32:246–51.
19. Xu H, DiCarlo J, Satya RV, Peng Q, Wang Y. Comparison of somatic mutation
calling methods in amplicon and whole exome sequence data. BMC
Genomics. 2014;15:244.
20. Vanni I, Coco S, Truini A, Rusmini M, Dal Bello MG, Alama A, Banelli B, Mora
M, Rijavec E, Barletta G, Genova C, Biello F, Maggioni C, Grossi F. NextGeneration Sequencing Workflow for NSCLC Critical Samples Using a
Targeted Sequencing Approach by Ion Torrent PGMTM Platform. Int J
MolSci. 2015;16:28765–82.
21. Albers CA, Lunter G, MacArthur DG, McVean G, Ouwehand WH, Durbin R.
Dindel: accurate indel calls from short-read data. Genome Res. 2011;21:961–73.
22. Carson AR, Smith EN, Matsui H, Brækkan SK, Jepsen K, Hansen J-B, Frazer KA.
Effective filtering strategies to improve data quality from population-based
whole exome sequencing studies. BMC Bioinformatics. 2014;15:125.

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

