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A B S T R A C T   

Next-generation sequencing holds unprecedented throughput in terms of informational content to cost. The technology has entered the scene in laboratory di-
agnostics and offers flexible workflows in biomedical research. However, the rapid acquisition of genomic data also gives rise to a substantial fraction of sequencing 
artifacts, causing the detection of false-positive germline variants or erroneous somatic mutations. Consequently, there is a pressing need for efficient and practical 
quality assessment in sequencing projects. In this study, we investigate using heterozygous variant allele frequency (VAF) standard deviation (σ) for supplementary 
quality control. Whereas several proposed quality metrics are based on empirical assessments, the dispersion of the allele frequencies reflects a direct approximation 
of the inherent and discrete features of a diploid genome. Consequently, homologous chromosomes display heterozygous VAF of approximately 1/2. Based on the 
meta-analysis of 152 whole-exome sequencing data sets, we found that σ reflects both sequencing coverage and noise and can be effectively modeled. It is concluded 
that the relative comparison of heterozygous VAF σ provides a practical handle for quality assessment, even for samples afflicted with copy-number alterations. The 
approach can be implemented when performing whole-exome, whole-genome, or targeted panel sequencing and helps identify problematic samples, such as those 
retrieved from archived formalin-fixed paraffin-embedded tissue.   

1. Introduction 

The throughput of modern sequencing methods has brought un-
precedented momentum to biomedical research in less than one and a 
half decades [1]. While the error rate of next-generation sequencing 
(NGS) may seem negligible, an inaccuracy of merely 0.1 % implies that a 
sequenced genome of low coverage may contain hundreds of millions of 
erroneous base calls (see [2–5] for more information). Consequently, it 
may be challenging to ascertain whether any given variant is germline, 
somatic, or merely a technical artifact. Furthermore, it has been 
demonstrated that the proportion of false-positive variants is higher for 
whole-exome sequencing (WES) compared to whole-genome sequencing 
(WGS) [6], as WES is targeted capture- or amplicon-based and subse-
quent PCR-amplified. Thus, effective removal of technical artifacts 
resembling true biological variants (false positives) is one of the most 
critical and ongoing issues in NGS research, and so is practical quality 
assessment. Traditionally, it has been common practice to confirm 

somatic mutation by Sanger sequencing [7], although with lower 
sensitivity than the high-throughput Illumina or Ion Torrent sequencing. 
Other strategies to curtail erroneous bases include sequencing replicates 
or increasing the depth of coverage. Due to the flexibility of the latter 
approach, it is attractive to increase the coverage to attain a higher 
quality and sensitivity (see [8–10]). However, it is difficult to mitigate 
errors arising from the amplification of nucleic acids without using 
unique molecular identifiers or other means of direct error correction. It 
has been suggested that technical sequencing replicates can play a role 
in noise reduction [11], as is commonly used for qPCR. However, there 
is nothing in current NGS usage that suggests that this simple strategy 
will become the gold standard – despite the continuously decreasing 
sequencing costs. 

One frequently implemented and important quality metric is the 
ratio of transitions to transversions (Ti/Tv). The concept is based on the 
theoretical assumption that in a mutational process, the probability of a 
purine nucleotide conversion to another purine, or pyrimidine to 
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zygous variant allele frequencies; WES, Whole-exome sequencing; WGS, Whole-genome sequencing; σhet, Standard deviation of heterozygous variant allele fre-
quencies; σ’het, Trimmed standard deviation of heterozygous variant allele frequencies. 
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pyrimidine for that matter, is only half of a transversion, i.e., purine to 
pyrimidine, and vice versa [12]. Thus, in a random mutational process, 
the Ti/Tv would logically be 0.5, as detailed by Wang et al. [13]. 
However, transitions are more likely to give rise to synonymous muta-
tions [13–15], i.e., silent mutations, and should therefore be more 
readily propagated. Such selective pressure partly explains why the in-
dividual transitions and transversions are not evenly distributed, with a 
ratio collectively around two for human genomes and three for exomes 
[16] and why a low ratio may indicate a high proportion of technical 
artifacts. This attribute makes it possible to implement the ratio for 
quality assessment of variant calling [13,17–22]. Another suggested 
metric is the ratio between heterozygous to homozygous variants (Het/ 
Hom), which is highly influenced by ancestry. In contrast, Ti/Tv is 
regionally affected by the area of the investigated genome [13]. 

The current issue is that both metrics are qualitative indicators set by 
empirical observations and do not represent discrete values. In contrast, 
a representative human genome is diploid. Hence, sequenced hetero-
zygous variant allele frequencies (VAF) must reflect an approximation to 
this underlying discrete value‚ µ=0.5, and is an inherent indicator of 
resolution. The standard deviation of the heterozygous VAF (σhet) has 
previously been implemented for the evaluation of the signal-to-noise 
ratio (SNR) in WES based on amplified individual cells or very few 
cells [23]. While directly applicable to the assessment of germline 
samples, one obvious problem with this quality metric is the validity for 
samples afflicted with copy-number alterations (CNA). In such cases, the 
allelic imbalance may cause the VAF distribution to change dramatically 
(see [24–27]) with a skewed standard deviation. 

This paper provides a meta-analysis of raw WES data sets, presenting 
results from evaluating heterozygous variant allele frequency standard 
deviation (σhet) as a collective quality metric for NGS. We also propose a 
simple trimming algorithm for robust detection of outliers, problematic 
regions, and allelic imbalances – a critical issue when assessing 
cancerous samples. 

2. Material and methods 

The study was based on a meta-analysis of raw data subsets involving 
152 WES samples, primarily from two cancer studies. The first included 
mantle cell lymphoma data sets (MCL, PRJNA489753, n = 34), based on 
bone marrow, lymph node, tissue biopsies, and control sequenced saliva 
DNA [28]. The other focused on formalin-fixed, paraffin-embedded 
(FFPE) paraganglioma tissue with paired-control samples 
(PRJNA639937, n = 102) [29]. Additionally, we randomly selected 
samples from the 1000Genomes project as normal non-cancerous con-
trols (n = 16, see Data availability). Data was obtained through the 
Sequence Read Archive (SRA, NCBI) using the SRAtoolkit fastq-dump or 
wget command. Alignment of sequencing reads to reference GRCh38 was 
performed with Burrows-Wheeler Aligner (version 0.7.17) [30] and 
variant calling using GATK4 (version 4.1.9.0) [31,32] using standard 
parameters (see supplement). Variants flagged as PASS were retained 
using read depth threshold filter of 30x applied, except when investi-
gating coverage distributions. Preliminary filtering was performed 
directly in the GATK4 workflow for data streamlining, using GRCh38- 
mapped coding regions (UCSC Table Browser [33], refFlat table, 10 bp 
padding) and the ENCODE blacklist provided by Amemiya et al. [34]. 
Single-nucleotide variant analyses were performed in R (v. 4.0.3) and 
Wolfram (Mathematica v. 11.3, Wolfram Research, Champaign, Ill, 
USA). 

Trimming of heterozygous VAF was performed to filter out copy- 
number alterations and noisy genomic stretches (supplemental 
methods), such as in tandemly clustered gene families, centromeric, or 
CG-rich regions. This algorithm implements trimmed standard de-
viations (σ’het) of binned variants (n = 25). The filtering threshold of 
(median(σ) ± 2(median(σ)-Qlower(σ))) is analogous to strict Tukey ou-
tlier removal of binned σ deviating 0.5IQR from upper and lower 
quartiles. Trimmed heterozygous VAFs were assessed using a random 

Gaussian distribution generation (Monte-Carlo simulations) in combi-
nation with the Anderson-Darling test (PAnderson-Darling > 0.05). This 
approach was selected to investigate whether the allele frequencies 
could be modeled as normal distributed with a moderate degree of 
noise. Moreover, we analyzed a previously characterized case of 
relapsed and severely somatic copy-number afflicted MCL [25] to 
demonstrate a direct correlation between coverage and σhet/σ’het. This 
relationship was elaborated and formalized by modeling sequencing 
coverage distributions based on the empirical data sets to implement 
Monte-Carlo simulations of sample VAF standard deviations with a 
median coverage of 1–200x and 20,000 variants each. Finally, we 
evaluated whether Ti/Tv, Het/Hom, and σ’het fluctuate according to the 
investigated chromosome. The final output was prepared for publication 
using Prism (v. 9, GraphPad, San Diego, CA). 

3. Results 

By evaluating data from 152 WES samples, we sought to assess the 
potential use of heterozygous VAF distributions and standard deviations 
for sequencing quality assessment. This evaluation was based on the 
relative comparison to previously implemented metrics, Ti/Tv, Het/ 
Hom, and sequencing coverage. The median Het/Hom ratio was found 
to be 1.77 (Fig. 1A, quartiles Q1 = 1.72, Q3 = 1.84) and the Ti/Tv 2.94 
(2.85, 3.03) when based on variants covered at least 30x, in concordance 
with previous studies [13]. The median standard deviation was 0.111 
(0.105, 0.125), with a range influenced by both the quality and copy- 
number alterations. Using the presented algorithm for outlier removal, 
the trimmed heterozygous VAF standard deviation (σ’het) was 0.093 
(0.085, 0.106). This outlier-trimmed standard deviation with effective 
removal of variants affected by allelic imbalance proved to be an 
effective measure to differentiate lower, mainly FFPE tissue from high- 
quality samples (red versus black points, respectively). Because of this 
attribute, σ’het was implemented as the primary quality gauge for both 
cancerous and control samples. In particular, one distinct sample within 
the non-FFPE group was identified as having suboptimal coverage and, 
thus, quality, owing to a failure in retrieving all reads from the online 
repository (black outlier, Fig. 1A–C). 

Despite average sequencing coverage being only one primary 
parameter affecting quality, an inverse relationship between the total 
number of aligned sequencing reads, or file size, and σ’het was evident 
(Fig. 1B, ρSpearman = 0.68, Pt-statistics <10− 4) with a significant difference 
in the median number of reads in FFPE cohort versus non-FFPE (Δreads =

20.5⋅106, PMann-Whitney = 2.4⋅10-3). However, suboptimal FFPE samples 
deviated from this trend (Fig. 1B, encircled). 

A moderate positive correlation was found between σ’het and Ti/Tv 
(Fig. 1C, ρSpearman = 0.65, Pt-statistics <10− 4), with a lower association for 
σ’het and Het/Hom (ρSpearman = 0.55, Pt-statistics <10− 4) (not shown). In 
contrast, no informative correlation was found between Het/Hom ratio 
and Ti/Tv (ρSpearman = 0.35, Pt-statistics < 10-4, not shown). Based on the 
coefficient of variation, i.e., relative standard deviation, as a relative 
estimator of the dynamic range, we found that σhet displayed the 
broadest range for quality assessment, followed by Het/Hom, and Ti/Tv 
of 32.8 %, 27.9 %, and 10.6 %, respectively. Generally, the standard 
deviations of the highly suboptimal variant sets were right-skewed ac-
cording to severity (Fig. 1D and 2A). For samples in the non-FFPE 
group, a low standard deviation indicated a high number of 
sequencing reads, in agreement with an inverse correlation between the 
two parameters (Fig. 2B. σhet = 0.13, 9.2⋅106 reads). 

The implemented trimming algorithm suggested a robust method to 
map copy-number alterations or recurrent noisy regions (Fig. 2C). The 
latter was investigated using all samples without visible CNA (n = 72). 
With a resolution in the order of 100 Kb, pronounced problematic 
coding regions were found on chromosomes 1p36, 1q21, 1q44, 
6p22–21, 7q21, 10q11, 11p15, 12p13, 13q12, 17p11, 17q21, 19p13, 
and 19q13. Some of the most severe regions were marked by repetitive 
elements or conserved gene family members in the genome, such as the 
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neuroblastoma breakpoint family members scattered across chromo-
some 1p36-1q21 and the human olfactory receptor gene family [35]. 
Compared to its size, chromosome 19 contained overrepresented regions 
with widespread overlap between samples (70/72, 97 %), most notably 
being the killer-cell immunoglobulin-like receptor (KIR) genes located 
on 19q13 (Fig. 3A) (see [36–38]), and in general agreement with the 
current literature. 

In assessing whether WES-derived heterozygous VAF can be regar-
ded as Gaussian with the addition of noisy outliers trimmed variants, 
each sample was tested against randomly sampled normal probability 
distribution. It was found that the majority of the sample data were in 
general concordance with this model (79 %, PAnderson-Darling > 0.05). 
Specifically, these heterozygous variant sets were tested using multiple 
Monte Carlo simulations, deriving an empirically estimated probability 
value (PAnderson-Darling > 0.05, Fig. 3B) to achieve a more robust model 
comparison. 

To demonstrate the relative change in σhet as a function of coverage, 
we revisited a copy-number afflicted sample included in a previously 
published study on relapse progression in cases of mantle cell lymphoma 
[25]. This WES sample constituted 14 afflicted autosomes, ranging from 
mono- to pentasomy (Fig. 3C). Here, a non-linear association between 
chromosomal copy-number state within the sample, dispersion of het-
erozygous VAF, and mean coverage was identified (Fig. 3D). 

Investigating the inverse relationship between coverage and σhet 
further, we profiled the depth of coverage distributions using the variant 
call sets for each sample in the meta-analysis cohort. As reported 

previously [39,40], sequencing depths can be described by a gamma 
distribution, confirmed here (see supplemental data). In brief, the 
empirical sample VAFs could be characterized by an approximately 
constant shape parameter (α ≈ 2) and an exponential plateauing rate 
parameter (Fig. 4A). This feature immediately suggested a stochastic 
model for VAF simulation using the depth of coverages provided by the 
gamma probability distribution, equal binomial probability of reference 
or alternate allele and allelic noise set to 5 %. This nonlinear rate 
parameter regression was thus used as empirical support for Monte- 
Carlo experiments characterizing σhet (Fig. 4B). Based on >400 million 
simulated binary data points, i.e., sum of median depth of coverage 
ranging from 1 to 210 times 20.000 variants, it followed that the stan-
dard deviation of heterozygous VAF reached a plateau at σmin = 0.04. 
From a practical perspective, the regression model (σhet = σmax⋅ √DP-1 

+ σmin) demonstrated a negligible decrease in σhet of 6 % when 
increasing the median coverage from 150 to 200, corresponding to 
0.005 VAF. 

Finally, we investigated the stability of the quality metrics in the 
exomes. Chromosome-wise splitting of Het/Hom, Ti/Tv showed a pro-
nounced variation across autosomes devoid of copy-number alterations 
(Fig. 5A–B). This variation was also observed for σ’het, however, with 
less fluctuation across the chromosomes and ranges generally reflecting 
sample qualities (Fig. 5C). 

Fig. 1. Comparison of sequencing quality metrics. The ratios of heterozygous to homozygous (A, Het/Hom), nucleotide transitions to transversions (A, Ti/Tv), or 
standard deviations of heterozygous variant allele frequencies (A, σhet) all displayed outliers of inferior quality. Removing copy-number alterations, a clear division of 
trimmed standard deviations (σ’het) from samples included in the study using FFPE (red points) was observed. Part of this difference in quality originated in a lower 
number of reads, i.e., 64⋅106 aligned reads versus 84⋅106 (difference of 20⋅106 reads, PMann-Whitney = 0.002), but also lower overall quality (B). The standard deviation 
was directly proportional to the total number of aligned sequencing reads, and thus file size, for sequenced samples of high and medium quality. A higher than 
predicted σ’het compared to file size was found in FFPE samples of inferior quality (encircled). Ti/Tv and σ’het displayed a moderate degree of correlation (C, ρSpearman 
= 0.65, Pt-statistics <10− 4). Of note, the correlation was lower between σhet and Het/Hom (ρSpearman = 0.55, Pt-statistics <10− 4) or Ti/Tv and Het/Hom (ρSpearman = 0.35, 
Pt-statistics <10− 4) (not shown). Allele frequency skewness was also found to be an important attribute for quality assessment (D). (For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article.) 
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4. Discussion 

In merely 15 years, NGS has moved from inaccessible to most re-
searchers to omnipresent in contemporary biomedical research. It has 
become a cheap, flexible, and efficient way to examine genomes and 
their function. In particular, the implementation of NGS during the last 
decade has tremendously impacted research data throughput and how 
data are processed and presented [1]. Nevertheless, even meager error 
rates give rise to many false-positive observations when interrogating 
sequencing output in the order of gigabases. Although adequate high- 
quality DNA and high coverage of the sequenced regions is a tremen-
dous advantage for the final resolution, providing a single, general 
measure of sequencing quality is not trivial. 

The ratio between transversions and transitions, Ti/Tv, has been 
suggested as a gold standard for variant quality assessment and 
filtering. However, the value is based on empirical estimates of 

approximately 3 for WES and 2 for WGS [41]. It may be argued that it is 
a qualitative rule-of-thumb and has even been referred to as a crude 
measure [42]. In their valuable paper, Wang et al. state that the “general 
rule is that a higher Ti/Tv ratio usually indicates better quality SNPs, as long 
as the ratio is not too high” [13]. In line with previous studies, increasing 
read-depth thresholds for called variants also increased Ti/Tv. Thus, 
although agreeable at the individual sample level, this attribute also 
reveals a problem; the included cohort here also demonstrates that the 
DNA quality or integrity is negatively correlated with Ti/Tv and 
severely for FFPE samples. 

The negative correlation between Ti/Tv and quality may seem 
counterintuitive. However, this report is not the first to demonstrate the 
phenomenon, as Carrick et al. [43], albeit with a slightly different focus 
than presented here, showed that samples with a high Ti/Tv indicated 
poor quality or prolonged storage. Thus, aiming at Ti/Tv and Het/Hom 
ratios that are not too high nor too low, such measures seem qualitative 

Fig. 2. Variant allele frequency (VAF) scatter. Some of the FFPE samples were marked by a very low signal-to-noise ratio, as exemplified in A (see also Fig. 1B, 
encircled). Few samples in the non-FFPE group (B) were marked by a low number of passed variants, a low number of total reads, and a wide dispersion of het-
erozygous variants. Several high-quality non-FFPE samples showed distinct allelic imbalances, i.e., copy-number alterations and areas with a sudden decrease in 
variant allele frequencies (VAF), e.g., from homologous gene family members or regions near centromeres. The implemented outlier trimming algorithm effectively 
filtered these regions for improved lateral overall quality comparison of the data (C, see also methods section). The median VAF (dotted line) is compared to the 
theoretical (0.5, solid). 
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rather than quantitative. Consequently, we suggest an additional mea-
sure relating to the diploid chromosomal configuration of the genome 
and deviation from the discrete allelic ratio of heterozygous variants. 
The results demonstrate a broader dynamic range and a direct rela-
tionship between the standard deviation and overall quality, with 
generally increased standard deviation for FFPE material and subopti-
mal samples. Because of this, we advocate that the sample-wise distri-
butions of heterozygous variants must be assessed, as other features, 
such as skewness, and are highly descriptive concerning overall 
sequencing data quality. Although difficult to pinpoint a universal 
quality threshold, the findings here showed that 25 % of the samples 
σ’het were higher than 0.106 (upper quartile), 14 % could be identified 
as frank outliers (1.5IQR), and 5 samples failed to be analyzed because 
of low number of retrieved reads. A threshold of approximately 0.10 
matches our previous observations: More than two-thirds or more of 
germline heterozygous variants of reasonable quality should lie within 
0.4–0.6 VAF (≤2σ), because data points crudely approximate a normal 
distribution. Of course, the depth of coverage is an important attribute. 

Increasing sequencing coverage is favorable in leveraging resolution, 
where the reads can be considered independent observations supporting 
a variant. As described previously for single-cell and sparse-cell DNA 
[23], the standard deviation is a surrogate marker for the signal-to-noise 
ratio σ/µ, where mean µ is constant for heterozygous VAF. Hence, using 
a former copy-number afflicted relapse sample derived from a patient 

with cancer [25] and the variant calls from the included samples, we 
demonstrate that σhet is directly correlated to the depth of coverage (DP) 
in a non-linear fashion (σhet ∝ √DP-1) (Fig. 3D and 4B). We also confirm 
that the number of reads supporting the reference and alternate allele is 
described by a gamma distribution, making it feasible to model sample 
VAFs. The standard deviation reaches a plateau as demonstrated 
because the total number of reads achieved for a sample only partially 
explains the signal-to-noise ratio. Ultimately, the observed dispersion of 
heterozygous variant alleles is effectively influenced by multiple pa-
rameters, such as DNA quality and concentration, mismapping, PCR 
amplification, the total number of reads achieved, and other sources of 
technical bias. As even deep sequencing will be affected by an increased 
error rate in the low allelic range (see [44], article supplement Fig. S2), an 
alternative approach to increasing the number of reads may be the 
introduction of technical replicates, partly to alleviate PCR bias. Hein-
rich et al. describe a similar theme in their paper, showing that ampli-
fication affects the variance of the VAF [45]. 

It was previously found that Ti/Tv varies significantly by region but 
not by ancestry, whereas Het/Hom ratio varies by ancestry [13]. How-
ever, the proportion of heterozygous to homozygous variants is not 
steady throughout the genome. Autosomal VAFs are relatively stable 
throughout the germline genome, except for repetitive areas, homolo-
gous genes, homopolymers, and sex chromosomes. In cases with CNAs, 
we suggest the usage of outlier trimming algorithms to enable a more 

Fig. 3. Characterization of heterozygous 
variant allele frequencies (VAF) accord-
ing to genomic position, distribution, 
chromosomal copies, and depth of 
coverage (DP). The sequencing resolution in 
specific genomic regions is affected by re-
petitive or homologous DNA stretches, such 
as for the KIR gene family members (A, 
arrow). Apart from these regions, noisy out-
liers, and allelic imbalance, the general 
finding was concordance between heterozy-
gous variants and normal distributed random 
variates of equal standard deviation and 
mean (B, a representative sample (colored 
area) tested against 25 Monte-Carlo simula-
tions (VAF’), median PAnderson-Darling = 0.18 
(0.09–0.30, dotted line). A previously char-
acterized sample from a patient with 
relapsed mantle cell lymphoma (25) directly 
demonstrated the effect of copy-number al-
terations on allelic imbalance (C, mean and 
standard deviation shown, dotted lines de-
notes expected mean VAF for each copy 
number) and standard deviation (D, σ ∝ 
√DP-1).   

Fig. 4. Modeling coverage distribution and variant allele 
frequency standard deviations. Based on the variant call sets 
from each sample included in the study, it was found that a 
gamma function could describe the median depth for called 
variant sites (see supplemental data), mainly determined by its 
scale parameter (A). Generation of simulated variant data sets 
using median depth of coverage (DP) 1–120 demonstrates that 
the standard deviation of heterozygous variant allele fre-
quencies (σhet) reaches a plateau (B), where the increase in 
quality through increasing coverage becomes negligible. σhet 
correlated to the number of empirical (R2 = 0.79) or simulated 
sequencing reads (R2 

= 0.99, σhet ∝ √DP-1).   
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unbiased relative evaluation of σhet, as demonstrated here. Based on σhet 
outlier removal, the presented trimming algorithm efficiently deals with 
challenging sequencing regions, such as in the vicinity of centromeres 
and copy-number alterations. This filtering is performed without the 
immediate need for paired control samples. 

Although the chromosomal heterozygous VAF distributions are not 
directly Gaussian, this is mainly due to noisy outliers and problematic 
regions. As such, the implementation of the Anderson-Darling testing 
against randomly generated probability distributions of equal standard 
deviations proved highly significant for most cases. Thus, whereas Ti/Tv 
and Het/Hom can only indirectly be implemented to filter individual 
variants [13], using σ’het and other attributes of the underlying fre-
quency distribution, e.g., quartiles, immediately suggests the removal of 
identified outliers. 

In conclusion, we have shown that the standard deviation of het-
erozygous variant allele frequencies is a modest but effective quality 
measure. Furthermore, it is readily interpreted as the observed disper-
sion from an inherent attribute of the sequenced diploid genomes. 
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Supplementary data to this article can be found online at https://doi. 
org/10.1016/j.jbi.2022.104234. 
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