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Introduction
Structural variants, especially copy number variants (CNVs), 
can range in size from a single exon to an entire gene. 
Accurate calling of such variants is critical for clinical germline 
screening. Variability at the level of single samples—e.g., 
where the depth and/or GC bias of one sample differs from 
the rest of the batch—is especially problematic because it 
can yield incorrect CNV calls.  Intrinsic variation coupled 
with insufficient quality control (QC) measures can imperil 
high CNV-calling accuracy. We combined an enhanced 
hierarchical Bayesian algorithm for CNV identification with an 
in-line simulation framework—embedded in our production 
bioinformatics pipeline—to improve sample-specific CNV-
calling accuracy and flag samples that do not achieve 
Arequired performance.

Conclusion
We developed a refined algorithm and complementary 
sample–specific sensitivity QC metric to ensure clinical-grade 
calling of important copy number variants.
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Figure 4: The advanced CNV caller is robust to variable depth of 
samples, and to a range of hyperparameters. (A-B) Sample-specific 
sensitivity determined on 10 sequencing lanes, where variability in depth 
is artificially introduced to lanes that initially have uniform coverage. Out 
of 46 samples on a lane, 12 were randomly selected, and their sequencing 
depth was artificially reduced to a “sampling rate.” The rest of the 
samples retained original depth. (A) Sensitivity of samples with original 
depth when 12 other samples on the same lane have artificially reduced 
depth. (B) Sensitivity of the 12 samples whose depth is reduced to a 
specified sampling. With the “advanced caller,” high sensitivity is retained 
for all samples even when the depth of a subset of samples are reduced 
to 10% of the original level. (C) ROC curve of a sequencing lane with 
high depth variability. The “simple” caller has low sensitivity, while the 
“advanced caller” has high sensitivity and specificity, invariant to a range of 
parameters. Pcnv and lcnv are prevalence and observed average length of 
CNVs, respectively. μ represents 10-6.

Figure 3: Structure of CNV Caller and Simulators. (A) Schematics of 
the CNV Caller. CNV caller reads in sequencing depth, optimizes model 
parameters, and runs HMM Viterbi algorithm within EM loops. (B) End-
to-end simulator. Simulated CNVs are added to input depth, and then 
CNV caller is run end-to-end to get CNV calls. CNV calls are compared 
with the input CNVs to determine accuracy of the caller. (C) “Fast” 
simulation is an in-line QC method that allows calculation of aggregate 
sensitivity based on many simulation runs. 

Figure 1: Sequencing depth was modeled as a negative binomial 
distribution. (A) Probability mass functions (pmf) of Poisson distribution 
and negative binomial (NB) corresponding to copy number 1, 2 and 3. 
(B) Negative binomial distribution is a better model for depths with 
large variance than Poisson distribution. σ represents standard deviation, 
μ: expected mean, and r: shape. (C) Shape r is modeled to account for 
contributions of probe i (p) and sample j (s).
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Figure 2: HMM was used to make CNV calls. (A) Schematic of 
HMM xij and yij represent the copy number (hidden state) and the depth 
(observed state) at probe i  of a sample j, respectively. bij represents a 
“null” state where probe i of a sample j emits random spurious signal. 
(B) Probability of a probe being in null state is modeled as Bernoulli 
process. If a probe i  of a sample j is in the null state (bij =1), p(y|x) is a 
uniform distribution. In the non-null state  (bij =0), emission probability 
p(y|x) is a negative binomial, which is a function of copy number(xij), 
expected mean μij and shape rij. (C) HMM transition matrix anm is 
probability of transitioning  from one CN state (n) to another CN state (m).
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Method
CNV calling algorithm 
CNVs were called by observing sequencing depth, which 
reflects the copy number, for ~100 base-pair segments tiled 
along the targeted region of interest (ROI). The likelihood of 
each observed depth value was modeled by a parameterized 
negative binomial distribution with expected depth and 
variance dependent on the particular sample-segment pair 
(Fig 1). An additional Bernoulli mixture model automatically 
disregards spurious depth signals resulting from technical 
artifacts (Fig 2).

A Hidden Markov model (HMM) was used with transition 
coefficients based upon the prevalence (pcnv) and observed 
average length (lcnv) of CNVs (Fig 2). Trust Region Newton 
Conjugate Gradient and Expectation Maximization were 
used to determine all model parameters. Copy number calls 
were obtained by running the Viterbi algorithm and noting 
contiguous non-wildtype segments. The CNV calling process 
is summarized in Fig 3A.

Sample-specific sensitivity based on “Fast” simulation 
Deletions and duplications of one, two, or four exons in size 
across the ROI were modeled from empirical depth values 
via downsampling and oversampling, respectively. HMM 
calling was then rerun and the sample-specific sensitivity was 
determined by weighing the size and type of variant by its 
clinically established prevalence. In-line “Fast” simulation  
(Fig 3C) is 100-150 times faster than the end-to-end  
simulator (Fig 3B) because model parameters determined 
during the original CNV calling are reused.

Results
A caller that models sample variability in coverage and 
noise (the “advanced caller” hereafter) has markedly better 
performance compared to a caller that assumed similar 
coverage and noise between samples (“simple caller”), 
especially when samples have high variability in sequencing 
depth. The performance of the advanced algorithm was 
assessed over 1742 samples.

 •All samples had sample-specific sensitivity meeting product 
requirements.
 •The caller achieved 99.6% sensitivity and 100% specificity.

The algorithm showed invariance to a range of model 
hyperparameters, as well as robustness to simulated 
5x variation and reduction in sample depth (Fig 4). 
Retrospective ROC analysis of randomly selected recent 
samples (n >10,000) showed an order-of-magnitude 
improvement in the false-negative rate for batches with high 
sample depth variability.
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