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Introduction

Introduction
The goal of this Methods document is to describe the algorithms used in the estimation of the
Lesser Allele Fraction (LAF) metric.

“Allele Fraction”—in a locus-specific context—refers to the percentage of a sample represented
by an allele. For example, in diploid regions of the genome, the allele fraction is 0.5; this implies
that each allele—at a heterozygous site—is present in 50% of the sample. The allele fraction
deviates from 0.5 in aneuploid regions or in samples containing multiple genomes due to tumorstromal contamination or the presence of multiple tumor populations. For example, in a region
represented by a single copy gain, a heterozygous site would have allele fractions of 33% and
67%.
The “Lesser Allele Fraction” (LAF) is equivalent to the allele fraction for the less prevalent allele,
assuming that two alleles are possible. The LAF can range from 0 to 0.5, where 0 corresponds to
complete homozygosity and 0.5 corresponds to equal allele fractions as observed in a pure,
diploid sample. Because allele fraction is a function of ploidy and purity, it is generally stable
within a region of uniform structural variation history and is reported in windows or segments
corresponding to those used by the Copy Number Variations algorithm in the analysis pipeline.
The Complete Genomics analysis pipeline generates two different LAF estimates:




Paired-sample LAF estimate: This estimate is generated for a tumor genome against the
matched normal sample, when both samples are submitted in the Cancer Sequencing
Service. The LAF estimate is calculated using the allele-specific read depth in the tumor
sample, at every locus assigned a heterozygous call in the matched normal sample. The
paired-sample LAF is reported in the masterVarBeta, somaticVcfBeta, and somaticCnv
files, and the somatic Circos plot.

Single-sample LAF estimate: This estimate is generated for all samples sequenced. It is
computed at every fully-called variation in the given sample. The single-sample LAF is
reported in the masterVarBeta, VcfBeta, and Cnv files, and the somatic Circos plot.

LAF estimates can be used for a variety of applications, including the identification of regions
exhibiting loss of heterozygosity (LOH), estimation of allele-specific copy number, interpretation
of sample ploidy, estimation of normal/stromal contamination, and independent assessment of
coverage-based segmentation.
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Estimation of Lesser Allele Fraction
The determination of Lesser Allele Fractions (LAF) includes the following elements:





Modeling the Data: Paired-Sample Analysis
Modeling the Data: Single-Sample Analysis
Locus Selection

Read Count Determination

Modeling the Data: Paired-Sample Analysis
Complete Genomics estimates the LAF by fitting allele-specific read count data to a beta binomial
model. This approach accommodates the broader range of observed LAF values compared to
those expected from a pure binomial model. This section describes how the estimation is
performed.
For paired-sample analysis, availability of a matched normal sample permits the identification of
sites that would be expected to be heterozygous if LAF were 0.5.

We estimate the LAF for an interval with n heterozygous loci as follows. Let the total observed
read count (reads supporting the two alleles, A and B, at each locus) be D:
𝐷 = {(𝑎𝑖 , 𝑏𝑖 ), … , (𝑎𝑛 , 𝑏𝑛 )}

(1)

As the A and B alleles are equally likely to be the less abundant allele, a preliminary model of the
likelihood of obtaining the estimate for a given lesser allele fraction f is as follows:
𝑛

L(𝐷|𝑓) = �

𝑖=1

0.5 ∗ ( binomp(𝑎𝑖 , 𝑏𝑖 |𝑓) + binomp(𝑏𝑖 , 𝑎𝑖 |𝑓) )

(2)

where binomp(𝑎, 𝑏|𝑓) is the binomial probability of obtaining a successes out of a+b trials given
success probability f. The LAF could be estimated to be equal to the value of f which maximizes
L(𝐷|𝑓) (the maximum likelihood estimate or MLE).

In practice, binomial-based estimates of LAF on real data result in underestimates for values
near 0.5, due to the observed allele ratios having greater variability (overdispersed) relative to
what is expected of a pure binomial process. The Complete Genomics analysis pipeline addresses
this phenomenon using a model of read count generation that has a higher variance than the
binomial distribution. The pipeline uses a beta binomial model, based on which counts are
determined by sampling from a binomial distribution with success probability drawn from a beta
distribution. The model can be characterized by the mean and variance of the beta distribution.
Writing bb(𝑎, 𝑏, 𝑓, 𝜎 2 ) as the probability of drawing a “successes” out of a+b trials from a beta
binomial model for which the mean and variance of the beta distribution are f and 𝜎 2
respectively, equation (2) above can be replaced with (3).
𝑛

L(𝐷|𝑓, 𝜎 2 ) = �

𝑖=1

0.5 ∗ ( bb(𝑎𝑖 , 𝑏𝑖 , 𝑓, 𝜎 2 ) + bb(𝑏𝑖 , 𝑎𝑖 , 𝑓, 𝜎 2 ) )

(3)

The variance, 𝜎 2 , in (3) is determined as described in “Determining the Beta Binomial Variance”.
Once this is fixed, the choice of f that maximizes (3) provides our estimate of the LAF.
Operationally, the MLE is approximated by evaluating the likelihood for all f in F = {0.01, 0.02, …,
0.50}.
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Given the likelihood of the data for each potential value of f, we determine an approximate
confidence interval (99% confidence) on the Bayesian posterior probability. Assuming a uniform
prior, the approximate confidence interval is taken as a pair of values [flow, fhigh] such that
∑𝑓∈𝐹,𝑙𝑜𝑤≤𝑓≤ℎ𝑖𝑔ℎ L(𝐷|𝑓) > 𝑐, and fhigh minus flow is the smallest value such that the corresponding
sum is greater than c.

Determining the Beta Binomial Variance

The overdispersion modeled by the beta distribution reflects the impact of some form of locusspecific allele bias that may be presumed to be independent of true allele fraction. A model of
how this bias process interacts with the true allele fraction allows us to constrain the beta
binomial model such that we do not have to estimate the variance for each possible allele
fraction. To illustrate this, it is useful to consider the allele ratio, ρ, which can be related to the
allele fraction 𝑝 as follows, where an allelic fraction of 0.5 corresponds to a true allelic ratio of
1:1:
𝑝=

𝜌

1+𝜌

(4)

Let the alleles at a locus be A and B and let the bias process result in measured frequencies of
alleles 𝑓𝐴 and 𝑓𝐵 for the two alleles respectively. If the true (pre-bias) allele ratio of A to B in the
sample being assayed is ν, the as-assayed (post-bias) allele ratio, 𝜌, is the product of the true
allele ratio and the bias ratio:
𝜈

𝜌 = (1−𝜈)

𝑓𝐴

𝑓𝐵

(5)

The variance of the beta distribution for 𝜈 = 0.5, 𝑣𝑎𝑟(𝑝0.5 ) can be related to that for other values
of 𝜈. It can be shown that
𝑣𝑎𝑟(𝑝𝜈 ) ≈ 𝑣𝑎𝑟(𝑝0.5 ) ∗ 16 ∗ 𝑝𝜈 2 ∗ (1 − 𝑝𝜈 )2

(6)

We determine 𝑣𝑎𝑟(𝑝0.5 ) empirically, on data where the true allele ratio is presumed to be 1:1.
This is either on a normal sample or on a region assumed or inferred to have equal allele
fractions (such as a region in a tumor such that that region has the highest (over the genome)
LAF estimated using the binomial model). In practice, a value of 0.0075 has been selected as the
variance of the beta (bias) distribution for LAF = 0.5, as smaller values lead an implausibly large
fraction of a normal genome to have LAF estimated < 0.5 while larger values are more likely to
lead to overestimation of LAF (i.e., cause regions with true LAF < 0.5 to be estimated as having
LAF = 0.5). The final estimate of LAF is not extremely sensitive to changes in the bias model
variance.

The benefit of employing the beta binomial model is illustrated in Figure 1. For LAF values below
0.4, there is little difference between the two models—the binomial versus the beta binomial.
The binomial model appears to saturate above 0.45 though, whereas the beta binomial model
does not. Instead, and as expected, the majority of the normal genome is assigned the expected
value of 0.5 using the beta binomial model.
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Figure 1: Beta Binomial Model Compared to Pure Binomial Model

These images show density plots for a normal genome (left) and a tumor genome (right), comparing
LAF estimates from the beta binomial model (x-axis) against LAF estimates from a pure binomial model
(y-axis).

Modeling the Data: Single-Sample Analysis
For single-sample analysis, variants under study can be either homozygous or heterozygous.
While only the heterozygous sites are truly informative regarding LAF, it may be difficult to
distinguish true heterozygous positions from homozygous positions in the presence of
sequencing or mapping errors for variants with sufficiently low LAF values. Consequently,
single-sample analysis is more complicated than paired-sample analysis. The model is a mixture
model that allows a called variant to be one of four types: false positive (homozygous reference,
“fp”), reference-dominant (“rd”), alternative allele-dominant (“ad”), and homozygous-alt (“ha”).

Likelihood of the data at a given locus given the model and a given value of LAF is thus a sum of
the likelihood of the data for each component of the mixture. That is, for locus i, with read counts
𝑑𝑖 = (𝑎𝑖 , 𝑏𝑖 ).
L(𝑑𝑖 |𝑓) = pr(fp) ∗ pr(𝑑𝑖 |𝑓, fp) +
pr(rd) ∗ pr(𝑑𝑖 |𝑓, rd) +
pr(ad) ∗ pr(𝑑𝑖 |𝑓, ad) +
pr(ha) ∗ pr(𝑑𝑖 |𝑓, ha)

(7)

We provide prior probabilities as follows:
pr(fp) = .01

pr(rd) = 0.33

pr(ad) = 0.33

pr(ha) = 0.33

The terms pr(𝑑𝑖 |𝑓, fp) etc are determined as follows: We consider only base calls that match
either the reference or the called alternative allele for the locus. Let e ~ 0.01 be the probability of
a given base call being an error that changes the true base to the other allele. Let 𝑎𝑖 be the count
Copyright © 2013 Complete Genomics, Incorporated.
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of base calls supporting reference and 𝑏𝑖 be the count of base calls supporting the alternative
allele, without loss of generality.
A preliminary version based on the binomial model provides the following terms:
pr(𝑑𝑖 |𝑓, fp, ) = (1 − 𝑒)𝑎𝑖 ∗ 𝑒 𝑏𝑖

pr(𝑑𝑖 |𝑓, rd) = ((1 − 𝑒)(1 − 𝑓) + 𝑒 ∗ 𝑓)𝑎𝑖 ∗ ((1 − 𝑒) ∗ 𝑓 + 𝑒 ∗ (1 − 𝑓))𝑏𝑖

As for paired-sample analysis, the pure binomial model overestimates LAF values near 0.5,
apparently due to overdispersion. Here again we elaborate the above model to use a beta
binomial in place of the pure binomial.

where

L(𝑑𝑖 |𝑓, σ2 ) = pr(fp) ∗ pr(𝑑𝑖 |𝑓, fp, σ2 ) +
pr(rd) ∗ pr(𝑑𝑖 |𝑓, rd, σ2 ) +
pr(ad) ∗ pr(𝑑𝑖 |𝑓, ad, σ2 ) +
pr(ha) ∗ pr(𝑑𝑖 |𝑓, ha, σ2 )

(8)

pr(𝑑𝑖 |𝑓, fp, 𝜎 2 ) = bb(𝑎𝑖 , 𝑏𝑖 , 1 − 𝑒, 𝜎 2 )

pr(𝑑𝑖 |𝑓, rp, 𝜎 2 ) = bb(𝑎𝑖 , 𝑏𝑖 , (1 − 𝑒)(1 − 𝑓) + 𝑒 ∗ 𝑓, 𝜎 2 )

pr(𝑑𝑖 |𝑓, ad, 𝜎 2 ) = bb(𝑎𝑖 , 𝑏𝑖 , (1 − 𝑒) ∗ 𝑓 + 𝑒 ∗ (1 − 𝑓), 𝜎 2 )

pr(𝑑𝑖 |𝑓, ha, 𝜎 2 ) = bb(𝑎𝑖 , 𝑏𝑖 , 𝑒, 𝜎 2 )

Each locus is assumed to be independent of other loci, so that the likelihood of the data at
multiple loci, 𝐷 = {(𝑎1 , 𝑏1 ), … , (𝑎𝑛 , 𝑏𝑛 )}, is the product over individual locus likelihoods:
𝑛

L(𝐷|𝑓, σ2 ) = �

𝑖=1

L(𝑑𝑖 |𝑓, σ2 )

(9)

Point estimation, determination of confidence intervals and choice of σ2 is as described above for
paired sample analysis, except that we set 𝑎𝑟(𝑝0.5 ) = 0.002.

Locus Selection

The LAF is a function of chromosomal copy number and sample purity. For a given genome, the
purity (or lack thereof) of the sample will be consistent across the entire genome, and therefore
its effect on the LAF value is a constant for that genome. Within each genome, though, copy
number can vary between chromosomes and within chromosomes. Shifts in the LAF are
therefore expected to coincide with shifts in copy number. The exception to this rule is in the
case of copy-neutral loss of heterozygosity, where the LAF may change within a copy number
segment.

Consistent with these expectations, the LAF is calculated and reported across the same windows
and segments used to calculate and report copy number variations (CNV) from Complete
Genomics data.

For paired-sample analysis, LAF estimates are based on read counts in the comparison sample
(typically tumor) sample at loci that are confidently called heterozygous in the baseline (typically
normal) sample. Estimates are reported for both 2 kb and 100 kb windows in the
somaticCnvDetails* files and 100 kb windows in the masterVarBeta*-N1 and somaticVcfBeta*
files. Estimates are also reported in the somaticCnvSegments* files for the intervals determined
by segmentation of the genome into distinct coverage levels. It may be worth emphasizing that
LAF estimates for segments are done based on integrating information from all relevant loci
within a segment rather than by, e.g., averaging the estimates in the windows that make up a
segment
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For single-sample analysis, LAF estimates are based on read counts at all fully-called loci at
which a variant is reported. Estimates are reported only for 100 kb windows
(cnvDetailsNondiploid*, masterVarBeta*, and vcfBeta* files) and the corresponding
segmentation (cnvSegmentsNondiploid* files). This is because LAF estimation based on small
numbers of loci, without the benefit of filtering against a matched sample, is excessively noisy; in
the limit, a single locus with no reference read counts may either indicate a region of LOH
(LAF=0) or simply a homozygous locus in a diploid region (LAF=0.5).

In both paired and single analysis, loci with extremely high coverage may represent regions of
the genome where the genome of interest significantly diverges from the reference genome in
terms of copies of a segmental duplication. In such regions, estimating LAF is challenged by fixed
differences in copies of the duplicated element between the sequenced genome and the
reference genome. To avoid this problem, loci may be heuristically excluded on the basis of total
read coverage or based on a mask defined by regions of the genome that are known or thought to
be affected by this issue. In practice, loci with total read counts less than 10 or greater than 300
are excluded from the LAF calculation.

Read Count Determination

The read counts employed for the LAF estimation are taken directly from the masterVarBeta
file. For paired-sample analysis, the masterVar data from the baseline genome (generally the
normal sample) is used to access the read counts for the non-baseline genome (generally the
tumor sample). DNBs are de-duplicated prior to being included as evidence. Only reads that
contribute at least 1 dB to the score computation are included, so that reads with excessive
mapping, alignment, or base-calling uncertainty are excluded.

Copyright © 2013 Complete Genomics, Incorporated.
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Illustration of LAF Estimates
Paired Samples
This section uses a tumor and normal sample pair from cell lines derived from a breast cancer
patient to demonstrate the precision and accuracy of the LAF estimates. Whole genome
sequencing results for the same samples, HCC1187 1 and HCC1187 BL 2, are available for
download from the Complete Genomics FTP site (ftp2.completegenomics.com).

This example shows using LAF to better understand the copy number changes identified in the
tumor sample, both at the genome-level and the allele-specific level. Figure 2 presents the
genome-wide copy number profile for HCC1187 as provided by the coverage-based, CNV
algorithms in the Complete Genomics Analysis Pipeline and calculated using coverage levels.
Typical of many tumors, copy number appears to vary widely across the genome. The simplest
interpretation of the relative levels assumes that the called levels representing regions of the
genome segmented based on difference in predicted copy numbers (blue lines) correspond to
increments starting with one copy. This would suggest that the dominant levels in the genome
range from one copy at coverage around 15 to five copies at coverage levels close to 70. Further
information would be required to confidently determine the relationship between coverage level
and absolute copy number.
Figure 2: Copy Number Profile of Tumor Cell Line HCC1187

This figure shows the whole genome copy number profile of tumor cell line HCC1187, as compared to
the human reference genome. Coverage is shown in red. The CNV levels called using the Complete
Genomics nondiploid copy number estimation are shown in blue.

The distribution of LAF estimates for each called level strongly supports the suggested
interpretation of absolute copy number for this sample. In Figure 3, coverage levels (based on
the called level in nondiploid CNV files) and paired-sample LAF estimates were summarized

1 Tumor
2

cell line-derived sample. Collected from ATCC.

Normal match to HCC1187, cell line-derived sample. Collected from ATCC.
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across 100 kb windows across the HCC1187 genome. Plotting the LAF against the relative
coverage level, results in a finite number of discrete clusters of 100 kb regions.
Figure 3: Relative Coverage Compared to LAF

In this image, counts of 100 kb windows were capped at 50 to make smaller values more visible.

As shown more quantitatively in Figure 4, which separates the clusters that share a similar
relative coverage, the distribution of LAF estimates for each called level is largely consistent with
the logical possibilities for the inferred copy number for the level. That is to say, a pure sample
can only display specific LAF values for any given chromosomal copy number. A diploid sample
can only have LAF values of 0.5 or 0. A triploid sample can only have LAF values of 0.33 or 0. The
clusters in Figure 3 and the peaks in Figure 4 are consistent with this rule, assuming absolute
copy numbers suggested above, and represent the different combinations of allele-specific copy
numbers possible for each ploidy.
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Figure 4: LAF Estimates for Discrete Clusters of Coverage Levels

A number of 100 kb windows are plotted against their LAF estimates for discrete clusters of coverage
levels. These coverage levels are assigned specific absolute copy numbers which are consistent with the
distribution of LAF values possible for the given ploidy.

Figure 4 also provides an indication of the behavior (accuracy and precision) of the LAF estimate.
The LAF estimates for windows with the 1-copy level are all near 0, as expected where all sites
should be homozygous, though the distribution is fairly broad, with values approaching 0.1
observed, perhaps due to the relatively low coverage. The LAF for 2-copy windows is mostly also
near 0, indicative of widespread LOH in this sample, though there also are a number of
heterozygous diploid loci indicated by the smaller peak at 0.5. The LAF for 3-copy windows
mostly shows the expected bimodal distribution: windows with LAF near 0 in regions with 3copy LOH, and windows with LAF near 0.33 in regions with one lesser allele copy. LAF for 4-copy
windows has peaks near 0, 0.25 and 0.5 as expected. LAF for 5-copy windows has the expected
peaks near 0, 0.2 and 0.4, with the peak near 0.4 being centered at 0.42-0.43, suggesting a slight
upward bias to the estimate.

The LAF estimates are not perfectly consistent with the copy number calls. There are clearly
windows where the called level and the estimated LAF are in conflict. Note that it is impossible to
rule out sample heterogeneity as contributing to these inconsistencies. While the sample was
derived from a tumor cell line, the cell line itself may include multiple genomes from different
cells in the tumor or cells accumulating different mutations during culturing. For ploidy 3, there
is a small spike at LAF = 0.5, though most of these windows had only a small number of loci that
contributed to the estimate. For ploidy 4, there is a meaningful number of windows with LAF
between 0.3 and 0.45; the coverage in these windows looks compatible with ploidy 4, whereas
the loci that contributed to the estimates clearly deviate more from a 1:1 allele ratio than most
loci where the true LAF is 0.5, for reasons that are not known. For ploidy 5, there is a substantial
peak of windows with LAF = 0.5; manual inspection suggests that these are cases of
overestimation of LAF, perhaps indicating that the bias model described above is overcorrecting,
consistent with the fact that the major peak is centered slightly above 0.4.
An immediate use of the LAF estimates is to elucidate allele-specific copy number by comparing
coverage and LAF values. These interpretations include the identification of regions of LOH. As
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expected, the LAF estimates are consistent with the range of allele-specific copy values possible
for any given coverage levels. Their use and interpretation can greatly enhance the
understanding of any given genome by providing greater detail to the accumulated changes in
sequence and structure and by revealing aberrant regions that might be otherwise missed, such
as regions of copy-neutral LOH.

Single Samples

To assess single-sample LAF estimation, which is inherently noisier than paired-sample LAF
estimation, we present results from two analyses. The first is a comparison of the paired-sample
and single-sample results for HCC1187 tumor (and matched normal). The second is an analysis
of datasets with varying known LAF values.

Figure 5 shows LAF estimates on tumor cell line HCC1187 in 100 kb windows sequentially along
the entire genome for both paired-sample (red) and single-sample analysis (blue). The estimates
are very similar in the vast majority of windows. In panel (a) this can be seen by how little red is
visible (red points being hidden under blue points. There are no large intervals in which the two
approaches consistently give materially different results. Panel (b) provides a scatterplot, each
point comparing the paired and single sample estimates for one window. At the level of
individual windows, there are certainly windows where the two estimates are substantially
discordant, and the number of windows at which the single-sample estimate is far from the
typical value for the surrounding regions is definitely higher for the single-sample analysis than
for the paired-sample analysis. Such outliers should be taken with a grain of salt, as discussed
below.
Figure 5: Comparison of Paired-Sample and Single-Sample LAF Estimates
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To assess absolute estimation quality, several artificial datasets with known LAF values were
analyzed. The datasets in question were constructed by mixing real sequencing reads from a
mother (NA12878) and her son (NA12883) in known ratios. In these datasets, the X
chromosome consists of the two maternal haplotypes in unequal, known ratios (the effect of
recombination can be ignored as the phasing of variants is not used in the computation; at any
given locus, one maternal haplotype contributed the lesser allele and the other the greater allele,
with the underlying fraction coming from whichever allele is the lesser allele being constant
along the chromosome). Seven datasets were constructed, with the true LAFs in the X
chromosome being 0.5, 0.445, 0.4, 0.333, 0.25, 0.1 and 0. The datasets were run through the full
Complete Genomics analysis pipeline and the LAF estimates for 100 kb windows on chromosome
X were extracted. Figure 6 shows the chromosome X LAF estimates for all seven datasets,
concatenated left to right in order of descending true LAF; individual datasets are separated by
black vertical lines; the dashed blue lines show the true LAF value for each dataset.

Differences between datasets are clear except perhaps for the comparison of LAF = 0.445 to its
neighbors (0.5 and 0.4); as noted previously, discriminating LAF 0.5 from values close to 0.5 is
challenging. The vast majority of windows are otherwise quite close to the true value, except for
the dataset with true LAF = 0.1, for which estimated values are consistently high. The bias away
from 0.1 is a consequence of the bias on the input read counts that results from false negatives or
no-calls at loci with very few reads supporting an alternative allele. While it prevents precise
quantitative modeling of allele fractions for low LAF values (e.g. in tumor or mosaic samples), it
does not pose a problem for identification of regions of pronounced allele imbalance as the
overestimation is not large relative to the gap between the true LAF and 0.5. Even with these
biases, the bulk of windows have single-sample LAF estimates close to (within 0.05) the
constructed (true) value for all datasets.
Figure 6: Single-Sample LAF Estimates for Chromosome X in Mother/Son Mixtures.

Red dots represent single-sample LAF estimates. Blue dots represent true LAF.

As shown in Figure 6, there are clearly outliers. Such outliers result from a mixture of factors. In
some cases, very few loci contribute to the estimate and sampling noise may be pronounced; in
such cases, the confidence interval will be larger than usual, and the size of this interval may be
used as a filter. In other cases, real biological/genomic effects are the cause. In some windows,
the two inherited haplotypes may be very similar or even identical due to
inbreeding/consanguinity; when the number of heterozygous positions within such a window is
small (say, five or fewer, though the exact number depends on read counts, number of
homozygous variations, etc) LAF may be dramatically underestimated. In other cases, a window
that is truly LOH or low LAF may have several apparent heterozygous positions with high
apparent lesser allele fraction, e.g. induced by novel (relative to the reference) segmental
duplication in the sample; such positions may lead to substantial overestimation of LAF. It may
be worth noting that either of these outlier patterns may not be a systematic artifact, i.e. may not
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be repeated in other genomes. As a consequence, caution should be used in trying to interpret
short stretches in which LAF appears to deviate for only a couple of windows from the
surrounding regions, e.g., in inferring a short stretch of LOH in a larger region that otherwise
looks to be heterozygous.

Summary

LAF estimates provide a means to identify additional variation types for each genome sequenced.
A standard use of LAF estimates is the identifying of LOH regions, acquired as is common in
tumor samples, or inherited as in the case of uniparental disomy (UPD). Further applications
include the identification of allele-specific copy number by comparing coverage and LAF values.
These interpretations include the identification of regions of LOH. While not discussed here, LAF
estimates could also be informative in the detection of sample mixing, such as with normal
contamination or tumor heterogeneity. Offered in two varieties, paired-sample or single-sample
LAF estimates introduce a useful tool in better understanding the genomic landscape of each
sequenced genome.
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