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Abstract
Whole exome sequencing (WES) has been extensively used in genomic research. As sequencing costs decline 

it is being replaced by whole genome sequencing (WGS) in large-scale genomic studies, but more comparative 
information on WES and WGS datasets would be valuable. Thus, we have extensively compared variant calls 
obtained from WGS and WES of matched germline DNA samples from 96 lung cancer patients. WGS provided 
more homogeneous coverage with higher genotyping quality, and identified more variants, than WES, regardless 
of exome coverage depth. It also called more reference variants, reflecting its power to call rare variants, and 
more heterozygous variants that met applied quality criteria, indicating that WGS is less prone to allelic drop outs. 
However, increasing WES coverage reduced the discrepancy between the WES and WGS results. We believe that 
as sequencing costs further decline WGS will become the method of choice even for research confined to the exome.

Comparison of Variant Calls from Whole Genome and Whole Exome 
Sequencing Data Using Matched Samples
Björn N1,a, Pradhananga S2,a,*, Sigurgeirsson B2,3, Lundeberg J2, Gréen H1,2,4,b and Sahlén P2,b

1Clinical Pharmacology, Division of Drug Research, Department of Medical and Health Sciences, Linköping University, Linköping, Sweden 
2Science for Life Laboratory, School of Engineering Sciences in Chemistry, Biotechnology and Health, Division of Gene Technology, KTH Royal Institute of Technology, 
Solna, Sweden  
3School of Engineering and Natural Sciences, University of Iceland, Reykjavík, Iceland 
4Department of Forensic Genetics and Forensic Toxicology, National Board of Forensic Medicine, Linköping, Sweden
a N.B. and S.P. share first authorship.
b H.G. and P.S. share last authorship.

Keywords: Whole genome sequencing; Whole exome sequencing; 
Coverage; Depth; Genotyping quality; Discordant; Concordant; Variant 
calls; Single-nucleotide variants

Abbreviations: WGS: Whole Genome Sequencing; WES: Whole 
Exome Sequencing; SNV: Single-Nucleotide Variant; INDEL: Insertion 
or Deletion; REF: Reference Homozygous; HET: Heterozygous; HOM: 
Variant Homozygous

Introduction
Whole Exome Sequencing (WES) has proven utility for accessing 

sequences of the human genomes protein-coding regions. These 
regions account for 1.5% of the genome, so WES requires far fewer 
sequencing reads than whole genome sequencing (WGS). Thus, it 
enables cheaper analysis of multiple samples and facilitates large-scale 
genomic investigations of exomic sequence variants in diverse contexts, 
including mutations involved in carcinogenesis and other complex 
diseases. However, preparing samples for WES is labor-intensive and 
the exome capture probes used can introduce inherent GC biases in 
PCR amplification, resulting in uneven coverage and increases in 
frequencies of duplicated fragments [1-4]. In contrast, WGS enables 
access to a larger portion of the genome, including protein-coding 
exons, introns, non-coding RNA, regulatory and intergenic regions. 
Thus, WGS requires large quantities of sequencing reads for adequate 
coverage, which can limit both numbers of samples used in studies 
and clinical implementation of the technique [5]. Moreover, as WGS 
datasets are much larger than corresponding WES datasets, their 
storage and analysis are more computationally demanding [5-8]. 
However, WGS library preparation is PCR-free with current protocols 
[9], and generally requires less sequencing coverage than preparation 
of WES libraries.

As sequencing costs are falling [7,10] the financial advantage of WES 
over WGS is declining, while the informational advantages of WGS are 
maintained. Thus, many researchers are now using WGS rather than WES 
even for exomic studies. Hence, there is a clear need for robust comparisons 
of the two approaches in terms of the quality and abundance of data 
provided on genomic regions that they both cover.

There have been several comparisons of WGS and WES datasets. 
For example, 10 matched pairs of WES and WGS datasets obtained 
from analyses of non-tumor samples from The Cancer Genome Atlas 
have been compared [11]. The findings included indications that WGS 
and WES required 14X and 39X coverage, respectively, to provide 
95% sensitivity in detecting heterozygous variants. A more recent 
study, based on samples from six individuals, found that WGS data 
is of higher quality, more uniform and includes fewer false positives 
than WES data [12]. Another recent comparison, based on sets of five 
matched samples, concluded that in clinical settings WGS is better than 
WES for addressing known disease-causing mutations in WES target 
regions [13]. However, all these studies were limited to a few samples, 
and broader comparisons would be valuable. Therefore, in the study 
reported here we prepared matched WES and WGS libraries using 
germline DNA samples from 96 human lung cancer patients. The 
WES and WGS libraries were sequenced using Illumina HiSeq 2500 
and Illumina HiSeq X Ten platforms, respectively. Reads from all 192 
sequencing libraries were aligned to a reference genome and variants 
were called from the aligned reads in an identical manner. Variants 
called from the WES and WGS datasets, and quality metrics of the 
data acquired by the two sequencing approaches, were then compared. 
The results provide an unprecedentedly detailed comparison of paired 
WES and WGS datasets, acquired and analyzed using the most recently 
released hardware and software tools, at the time of the study. 
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Materials and Methods
Samples and ethical approval

Between 2006 and 2008, patients diagnosed with non-small cell lung 
cancer at the Karolinska University Hospital, Stockholm, Sweden, were 
recruited for the study. The regional ethics committee in Stockholm 
approved the study (DNR-03-413 with amendment 2016/258-32/1) 
and patients provided written informed consent in accordance with the 
Helsinki Declaration. For this technical study, peripheral blood samples 
from 96 of the recruited patients were used.

Sample preparation and sequencing 

QIAamp DNA mini-kits (VWR International, Stockholm, Sweden) 
were used according to the manufacturer’s recommended protocol to 
extract DNA from the 96 collected peripheral blood samples. From 
each of the DNA samples two sequencing libraries were prepared: one 
for WES and one for WGS, respectively using a Nextera Rapid Capture 
Exome kit (FC-140-1003) and a TruSeq DNA PCR-Free Library 
Preparation kit (FC-121-3001) (both from Illumina, San Diego, CA, 
USA). The WES and WGS libraries were subsequently sequenced at 
the ISO-certified sequencing center of the Science for Life Laboratory, 
Stockholm, Sweden, using Illumina HiSeq 2500 and Illumina HiSeq 
X Ten platforms, respectively. A previous internal pilot study revealed 
that these two platforms yield comparable and unbiased results, see 
Supplementary Document S1. 

Alignment and variant calling 

Raw fastq files were mapped to the human reference genome, 
GRCh37/hg19, using the BWA aligner [14] (version 0.7.8) and variants 
were called using the Genome Analysis Toolkit (GATK) [15] (version 
3.3.0) applying the developers’ best practices [16]. Variant calling was 
confined to the exome target region as defined by the Nextera Rapid 
Capture Exome Targeted Regions Manifest (version 1.2) using the 
HaplotypeCaller module of GATK [15].

Subgrouping and joint genotyping

The WES and WGS coverage of the paired samples (Figure 1) shows 
uneven exome coverage and uniform genome coverage. To assess the 
impact of coverage on sequencing we only included samples with either 
very high or very low exome coverage. To do this, the samples were split 
into the subgroups SC_high and SC_low representing the 24 samples 
with the highest and the 24 samples with the lowest mean WES coverage, 
respectively. This approach provided a robust design for comparisons of 
high and low WES coverage with WGS. In further analyses we assessed 
the variant calls from the WGS samples and corresponding variant 
calls from WES runs with different coverage in SC_high and SC_low 
separately. The samples with intermediate WES coverage were not 
investigated further, except when looking into coverage over differing 
GC content. We used the GenotypeGVCFs module of GATK [15] for 
joint genotype calling to obtain information on variants evident in each 
of these subgroups.

Filtering of quality variants 

High-quality SNVs and INDELs in SC_low and SC_high 
samples were filtered using the GATK [15] VariantFiltration module 
with the filtering criteria  listed in Table 1, extracted from GATK’s 
documentation on VariantFiltration and VariantRecalibrator. This 
“hard” filtration option was applied instead of the filtering offered by 
the VariantRecalibrator and ApplyRecalibration modules because of 
their requirements for higher sample numbers.

Comparison of WES and WGS variants

Only bi-allelic loci detected by WES and WGS were considered in 
the comparison. All genetic variants were categorized into a specific type 
and group. The variant types were categorized as: reference homozygous 
(REF), for the genomic loci which are identical to the reference genome; 
heterozygous (HET), for loci which differ from the reference genome 
in a single base; or variant homozygous (HOM), for loci that differ 
from the reference genome on both bases (alleles). The variant groups 
were categorized as: called in both (CB), for variants called using both 
WES and WGS with the same zygosity; discordant, for variants called 
using both WES and WGS, but with differing zygosity; exome only, for 
variants only called using WES; or genome only, for variants only called 
using WGS. The number, coverage and quality of the variant types and 
groups categorized in this manner in the subgroups SC_low and SC_
high were then compared between WES and WGS. All presented plots 
and statistical comparisons were prepared using the statistical software 
R [17] (version 3.4.2).

Coverage and GC content 

The relationship between mean coverage and GC content was 
compared in WES and WGS datasets from all 96 samples to validate, 
with a bigger sample cohort, previously reported findings that WGS 
coverage is more robust than WES coverage across the entire GC 
spectrum [13,18].

Results
To compare the results obtained using the WGS and WES 

technologies, we determined fundamental characteristics including 
numbers of variants called, coverage, and genotyping quality metrics. 
We also analyzed discordant variants, i.e., genomic calls for which WGS 
and WES analyses indicated differing zygosity.

Sequencing and mapping in SC_low and SC_high subgroups

The WES and WGS platforms on average generated 80.32 and 
720.63 million raw read pairs per sample, respectively. For the subgroups 
SC_low and SC_high the WGS generated 704.67 ± 66.23 and 736.61 ± 
99.01 million read pairs, respectively. Further, when mapping the WGS 
reads to the predefined Exome Targeted Region SC_low and SC_high 
respectively yielded 18.04 ± 1.94 and 20.13 ± 4.56 million aligned reads 
(p=0.04, t-test). Although slightly different, it has to be considered 
relatively homogeneous. For WES on the other hand, we observed 
47.34 ± 6.76 and 109.40 ± 9.45 (p=2.20e-16, t-test) million aligned reads 
for SC_low and SC_high, respectively. However, this difference was 
expected as the two subgroups were selected based on their exome 
sequencing coverage. An overview of the sequencing output for the 
samples in SC_low and SC_high is given in the Supplementary Tables 
S1, S2 and S3.

Number and coverage of called variants in SC_low and SC_
high subgroups

We then examined average numbers of SNVs in both SC_low 
and SC_high subgroups and observed that WES coverage of SNVs 
was positively correlated with concordance rates between WES and 
WGS calls (p<2.22e-16, Fisher’s exact test; Figures 2A, 2B and Table 2). 
Additionally we, as expected, observed that increases in WES coverage 
increased the number of heterozygous (HET) variant calls (p=3.85e-9, 
Fisher’s exact test; Figure 2C and 2D).

We next investigated whether increases in WES read depth 
improved variant call coverage, relative to WGS values. We found 
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Figure 1: The mean coverage per sample for the matched WES (whole exome sequencing) and WGS (whole genome sequencing) data sorted on increasing exome 
coverage. From this the samples were divided in to two subgroups: SC_low (sub comparison of samples with low exome coverage) including the 24 samples with the 
lowest mean exome coverage and SC_high (sub comparison of samples with high exome coverage) including the 24 samples with the highest mean exome coverage.

Figure 2: Depicts the average number of variants called in WGS (whole genome sequencing) and WES (whole exome sequencing) for SC_low (sub comparison of 
samples with low exome coverage) and SC_high (sub comparison of samples with high exome coverage): A) for SC_low and B) for SC_high show the mean number of 
variants found in both WGS and WES, both but discordant (different variant type in WGS and WES), exome only and genome only. C) for SC_low and D) for SC_high 
show the mean number of variants for the different variant types (reference homozygous (REF), heterozygous (HET) and variant homozygous (HOM)).
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WES variants had higher coverage depth than WGS variants (p = 9.78e-7 
and 2.86e-16, t-test; for SC_low in Figure 3A and SC_high in Figure 
3B, respectively). Additionally, as expected, the average depth of WES 
coverage in SC_high exceeded the average depth of WES coverage in 
SC_low (p=3.03e-15, t-test). Moreover, WES coverage of discordant 
variants was lower for the SC_low subgroup than for the SC_high 
subgroup (p=1.28e-13, t-test; Figures 3A and 3B). In addition, the 
coverage of variants called only using WES were significantly lower for 
homozygous (HOM) variant calls than for heterozygous (HET) variant 
calls (p<2.22e-16, t-test; for both SC_low and SC_high), regardless of the 
coverage in each subgroup (Figures 3C and 3D). A slight reduction in 
coverage for the same variant types is also seen for WGS. Low coverage 
can be due to difficulty in alignment of sequences, hence HOM variant 
calls in areas with low mappability or alignability should be interpreted 
cautiously, whatever sequencing method is used.

Genotyping quality in SC_low and SC_high subgroups

We then examined genotyping quality metrics for variant calls in 
both subgroups. As shown in Figures 4A, 4B, and Table 2, WES-based 
genotyping quality increased with increases in coverage (difference 
in this respect between SC_low and SC_high subgroups: p=8.35e-15, 
t-test). In addition, at both low and high WES coverage, WES-based 
calls of discordant variants had lower quality than corresponding 
WGS-based calls (p=2.26e-16 and 4.11e-8, t-test; for SC_low and 
SC_high, respectively). These results confirm that increasing exome 
coverage improves the genotyping quality and accuracy of variant 
calls, thereby diminishing discordant calls. Further evaluation of the 
homozygous (HOM) variant calls only called using each sequencing 
technology had poorer genotyping quality than other types of 
variants (Figures 4C and 4D).

Discordant variant calls in SC_low and SC_high subgroups

Discordant variants are the genomic loci where variant calls were 
of different zygosity when comparing between the two sequencing 
technologies. Although there were few discordant variants, 2108 and 
1007 respectively in the SC_low and SC_high subgroups (Figures 
5A, 5B and Table 2) they had interesting characteristics in terms of 
coverage and genotyping quality. Frequencies of all categories of these 
variant call discordances significantly differed between the SC_low 
and SC_high subgroups (p<0.01, Fisher’s exact test) except for variants 
discordantly called as homozygous (HOM) by WES and reference 
(REF) by WGS, and vice-versa, however, these types of discordances 
were almost never occurring and of low quality in both subgroups 
and using both sequencing platforms. In addition, discordant variants 
called as heterozygous (HET) in WGS datasets but either reference 
(REF) or homozygous (HOM) in WES datasets had superior WGS 
genotyping quality (Figures 5C and 5D) and coverage (Figures 5E and 
5F) in both the SC_low and SC_high subgroups. This implies that many 
of the discordant variants called after WES are  potentially false positive 
calls. Of particular interest are the discordant variants that were called 
as heterozygous (HET) in WGS datasets but as reference (REF) in WES 
datasets (in which these variants were poorly genotyped, even at higher 
coverage). This shows that WGS is a powerful method for genotyping 
variants even at its, compared to WES, moderate average coverage.

Coverage over GC content

Previous reports have implicated that GC-rich sequences are 
particularly prone to sequencing errors and bias in the sequencing 
platforms. Therefore, as shown in Figure 6, we compared the mean 
coverage of WES and WGS over the entire GC spectrum using all of our 
sequenced samples. The WES coverage increased sharply from 20% to 
30% GC content, then declined sharply when the GC content exceeded 

Number of variants WES WGS

SC_low 91811 ± 1182 99271 ± 1802

SC_high 97401 ± 432 98340 ± 2435

                            Coverage of variants 

SC_low 37.25 ± 5.66 29.60 ± 3.02

SC_high 74.56 ± 11.91 30.25 ± 3.58

                      Genotyping quality of variants  

SC_low 75.83 ± 5.19 80.84 ± 5.27

SC_high 92.54 ± 1.87 81.43 ± 5.42

Discordant variants WGS/WES

SC_low 2108 ± 523

SC_high 1007 ± 429

Table 2: Summary statistics of different parameters in WGS and WES comparisons displaying average numbers ± the standard deviation.

Parameters SNVs INDELs
Qual By Depth (QD) <2.0 <2.0

RMS Mapping Quality (MQ) <40.0 n. a.
Fisher Strand (FS) >60.0 >200.0

Strand Odds Ratio (SOR) >3.0 >10.0
Mapping Quality Rank Sum Test (MQ Rank Sum) <-12.5 n. a.
Read Pos Rank Sum Test (Read Pos Rank Sum) <-8.0 <-20.0

Inbreeding Coefficient (Inbreeding Co-eff) n. a. <-0.8

Table 1: Parameters used for hard filtering scheme to filter SNVs and INDELs using the GATK module VariantFiltration applied to WES and WGS data of SC_low and 
SC_high separately.
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Figure 3: Average coverage of called variants in WGS (whole genome sequencing) and WES (whole exome sequencing) for SC_low (sub comparison of samples 
with low exome coverage) and SC_high (sub comparison of samples with high exome coverage): A) for SC_low and B) for SC_high show the average coverage of all 
variants, variants called in both datasets, discordant variants and variants found only in exome or genome. C) for SC_low and D) for SC_high show the average coverage 
of different variant types (reference homozygous (REF), heterozygous (HET) and variant homozygous (HOM)) separately for all variants, variants called in both (CB) 
datasets, WES_CB and WGS_CB, and variants called in exome only or genome only. All error bars denote standard deviation.

60%. However, WGS provided more homogenous and stable coverage 
than WES across the entire GC spectrum, validating previous findings 
that WGS provides superior coverage to WES, especially for GC-rich 
regions [13,18]. 

Discussion
In this study, we compared features of variants called in WES- and 

WGS-based analyses of matched DNA samples at various coverage 
depths to evaluate differences in the technologies’ variant calling quality. 
In order to conduct a robust comparison, we leveraged this large cohort 
of matched patient samples (compared to previous comparison studies) 
to generate WGS and WES at high and low coverage. Furthermore, by 
using matched biological samples for WGS and WES library generation, 
sequencing and data analysis the introduction of biological variation 
otherwise affecting the comparison of WES and WGS data should be 
reduced.

WGS provides information on larger proportions of genomes than 
WES, so the analysis was limited to the regions targeted by the exome 
capture probes. In these regions, WGS identified more variants than 
WES at both low and high exome coverage (SC_low and SC_high, 
respectively). This may be because WGS can evenly cover entire 
target regions, while WES covers parts of the target regions poorly 
(or not at all), due to inefficiencies and/or biases of the target capture 
probes [2,19]. Importantly, overall more reference (REF) variants 
were identified in the WGS datasets, through use of GATK module 
HaplotypeCaller, which compiles information on all positions with 
variations in cohorts of samples, even those present in just one sample, 
in genomic variant call format (gVCF) files. The higher frequency of 
detectable REF variants in WGS datasets reflects the greater power of 
WGS to detect rare variants. However, the discrepancy in numbers 
of variants called in WGS and WES datasets could be diminished by 
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Figure 4: Average genotype quality of called variants in WGS (whole genome sequencing) and WES (whole exome sequencing) for SC_low (sub comparison of samples 
with low exome coverage) and SC_high (sub comparison of samples with high exome coverage): A) for SC_low and B) for SC_high show the average quality of all 
variants, variants called in both datasets, discordant variants and variants found only in exome or genome. C) for SC_low and D) for SC_high show the average quality 
of different variant types (reference homozygous (REF), heterozygous (HET) and variant homozygous (HOM)) separately for all variants, variants called in both (CB) 
datasets, WES_CB and WGS_CB, and variants called in exome only or genome only. All error bars denote standard deviation.

increasing the coverage depth of the exome sequencing.

This comparison of called variants clearly indicates that WGS 
datasets are more stable, with less variability between samples, and 
have higher quality than corresponding WES datasets. Increasing WES 
coverage increased both the number and quality of called variants, 
but the higher variability between samples persisted, as shown by 
the relatively high standard deviation (± 11.97) of exome coverage in 
the high coverage subgroup SC_high. Some of the discordances with 
relatively low WES quality may be introduced by PCR during the 
exome library preparation [1]. Furthermore, the higher frequencies and 
quality of HET calls provided by WGS indicate that it is less prone to 
allelic dropouts compared to WES.

Previous authors have recommended application of additional 
filtering when analyzing WES data [2], with at least 8X coverage and 
a threshold genotype quality value of 20 for calling WES variants to 
reduce frequencies of false positives. However, the quality cutoff of 

20 might be too lenient for high coverage exome sequencing, as we 
observed discordant variant calls with higher average genotyping 
quality (Figure 5D). Therefore, we suggest using a quality cutoff of 40 in 
new high coverage exome sequencing projects.

The high coverage needed to call HOM and HET variants in 
WES data robustly, and the generally high genotyping quality of HET 
variants, indicates bias in the variant calling software. We suggest that 
different settings of GATK, and other variant callers, should be applied 
when analyzing WES and WGS data.

The usage of next-generation sequencing technologies, such as WES 
and WGS, in clinics for improved patient diagnosis and care is emerging; 
however, it is a future with opportunities as well as challenges. WES-
based genetic testing for diagnosis of rare Mendelian disorders has been 
shown to identify genetic defects in 25% of patients, which is better than 
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Figure 5: Discordant variant calls by WGS (whole genome sequencing) and WES (whole exome sequencing) for SC_low (sub comparison of samples with low exome 
coverage) and SC_high (sub comparison of samples with high exome coverage). The x-axis of all plots explains the different types of discordances: A) for SC_low and 
B) for SC_high shows the average number of the different types of discordances between WGS and WES. C) for SC_low and D) for SC_high shows the average quality 
for the different types of discordances for WGS and WGS. E) for SC_low and F) for SC_high shows the average coverage for the different types of discordances for 
WGS and WGS. All error bars denote standard deviation.

conventional diagnostic method [20]. Furthermore, the WGS platform 
also provides better diagnostic yields than conventional methods 
in a recent study of 103 patients with suggested underlying genetic 
disorders [21]. WGS and partly also WES can be especially important 
in heterogeneous cohorts where conventional tests are not inclusive, as 
these newer methods have a more agnostic approach. This suggests that 

WGS and WES have immense potential for future clinical applications. 
However, there are still multiple challenges (some beyond the scope of 
this paper) inhibiting their widespread clinical implementation. Such as 
accuracy and meaningful interpretation and integration of vast volumes 
of sequencing data and the lack of comparative data and standardized 
guidelines for clinical use [5,8,13,21].
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Conclusion
To  conclude, we found that preparing WGS libraries  using the 

TruSeq DNA PCR-Free Library Preparation kit and sequencing 
them with an Illumina HiSeq X Ten platform to an average depth of 
~30X generally provides higher quality and calls more variants than 
preparation of WES samples with a Nextera Rapid Capture Exome kit 
and sequencing them to an average depth of 20-80X using an Illumina 
HiSeq 2500 platform. However, WES performance can be improved, 
while maintaining some of its cost advantage, by increasing coverage 
depth. We believe that as sequencing costs further decline next-
generation sequencing technologies clinical implementations will 
advance and WGS will become the method of choice, even for questions 
confined to the exome.
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