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Abstract
Genome-wide association studies (GWAS) examine the entire human genome with the goal of identifying genetic variants
(usually single nucleotide polymorphisms (SNPs)) that are associated with phenotypic traits such as disease status and drug
response. The discordance of significantly associated SNPs for the same disease identified from diﬀerent GWAS indicates
that false associations exist in such results. In addition to the possible sources of spurious associations that have been investigated and discussed intensively, such as sample size and population stratification, an accurate and reproducible genotype
calling algorithm is required for concordant GWAS results from diﬀerent studies. However, variations of genotype calling of
an algorithm and their eﬀects on significantly associated SNPs identified in downstream association analyses have not been
systematically investigated. In this paper, the variations of genotype calling using the Bayesian Robust Linear Model with
Mahalanobis distance classifier (BRLMM) algorithm and the resulting influence on the lists of significantly associated SNPs
were evaluated using the raw data of 270 HapMap samples analysed with the Aﬀymetrix Human Mapping 500K Array Set
(Aﬀy500K) by changing algorithmic parameters. Modified were the Dynamic Model (DM) call confidence threshold (threshold) and the number of randomly selected SNPs (size). Comparative analysis of the calling results and the corresponding lists
of significantly associated SNPs identified through association analysis revealed that algorithmic parameters used in BRLMM
aﬀected the genotype calls and the significantly associated SNPs. Both the threshold and the size aﬀected the called genotypes
and the lists of significantly associated SNPs in association analysis. The eﬀect of the threshold was much larger than the
eﬀect of the size. Moreover, the heterozygous calls had lower consistency compared to the homozygous calls.
[Hong H., Su Z., Ge W., Shi L., Perkins R., Fang H., Mendrick D. and Tang W. 2010 Evaluating variations of genotype calling: a potential
source of spurious associations in genome-wide association studies J. Genet. 89, 55–64]

Introduction
The International HapMap project determined genotypes
over 3.1 million common SNPs in human populations
and computationally assembled them into a genome-wide
map of SNP-tagged haplotypes (The International HapMap
Consortium 2005, 2007). Concurrently, advances in highthroughput SNP genotyping technology enabled the simultaneous genotyping of hundreds of thousands of SNPs.
These advances combined to make genome-wide association
*For correspondence. E-mail: huixiao.hong@fda.hhs.gov.
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studies (GWAS) a feasible and a promising research field
for associating genotypes with various disease susceptibilities and health outcomes.
Recently, GWAS was successfully applied to identify
common genetic variants associated with a variety of phenotypes (Klein et al. 2005; Duerr et al. 2006; Smyth et al.
2006; Buch et al. 2007; Cargill et al. 2007; Easton et al.
2007; Frayling et al. 2007; Grupe et al. 2007; Gudmundsson
et al. 2007; Hampe et al. 2007; Hunter et al. 2007; Raelson
et al. 2007; Rioux et al. 2007; Saxena et al. 2007; Scott et al.
2007; Sladek et al. 2007; Steinthorsdottir et al. 2007; Todd et
al. 2007; Tomlinson et al. 2007; van Heel et al. 2007; Wellcome Trust Case Control Consortium 2007; Winkelmann et
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al. 2007; Yeager et al. 2007; Zanke et al. 2007; Zeggini et
al. 2007; Arking et al. 2008; Butcher et al. 2008; Gold et
al. 2008; Kayser et al. 2008; Uda et al. 2008; Yang et al.
2008). These findings are valuable for scientists to elucidate
the allelic architecture of complex traits in general. However,
replication studies of GWAS showed that only a small portion of significantly associated SNPs in the initial GWAS results can be reproduced in people within the same population.
For example, GWAS studies in patients with type 2 diabetes
mellitus have found poor replication rates in the range of 0–
13% (Scott et al. 2007; Sladek et al. 2007; Steinthorsdottir et
al. 2007; Zanke et al. 2007; Moore et al. 2008), demonstrating the many false positives in current GWAS. Moreover, the
lists of significantly associated SNPs identified in diﬀerent
GWAS for the same disease, such as type 2 diabetes mellitus, were quite diﬀerent across studies. It is obvious that there
are potentially type I (false positive) and type II (false negative) errors in GWAS results, limiting the potential for early
application to personalized medicine and nutrition.
A genotype calling algorithm is a set of mathematical
transformations that are used to convert the raw intensity
data to the genotypes for the downstream association analysis. Highly accurate and reproducible genotype calls are
paramount for the success of GWAS since errors introduced
in genotype calls can lead to inflation of type I and type II errors. Genotyping error, especially if occurring diﬀerentially
between cases and controls, are an important cause of spurious associations and should be carefully examined and corrected (Moskvina et al. 2006). A number of quality control
features are advocated to be used on both a per-sample and a
per-SNP basis. One of the fundamental questions in GWAS
is how consistent the genotype calls are when obtained upon
altering the parameters within an algorithm.
The Aﬀy500K platform (A flymetrix, Sata Clana, USA)
was used in many GWAS (Frayling et al. 2007; Saxena et
al. 2007; Wellcome Trust Case Control Consortium 2007).
The genomic DNA for one of the arrays is cleaved with
the NspI restriction enzyme and ∼262,000 SNPs are interrogated. The second array uses StyI cleaved genomic DNA and
∼238,000 SNPs are analysed. Raw data (CEL files) obtained
from Aﬀy500K are usually evaluated with the calling algorithm Bayesian Robust Linear Model with Mahalanobis distance classifier (BRLMM) (Aﬀymetrix 2006) embedded in
the Aﬀymetrix software package. There are several parameters that need to be set for conducting genotype calling using
BRLMM. The algorithm first derives an initial guess for each
SNP’s genotype using the DM algorithm (Di et al. 2005) and
then analyses across SNPs to identify cases of nonmonomorphism. This subset of non-monomorphic SNPs is then used to
estimate a prior distribution on cluster centres and variance–
covariance matrices. This subset of SNP genotypes is revisited, and the clusters and variances of the initial genotype
guesses are combined with the prior information of the SNPs
in an ad hoc Bayesian procedure to derive a posterior estimate of cluster centres and variances. Genotypes of SNPs
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are called according to their Mahalanobis distances from the
three cluster centres and confidence scores are assigned to
the calls. The parameters that specify the confidence threshold for the DM algorithm with which to seed clusters (default
value, 0.17) and the number of probe sets randomly selected
for determining prior (default value, 10,000), influence on the
prior distribution on cluster centers and variance-covariance
matrices. Therefore, it is important to know whether changing values of the parameters causes inconsistent genotype
calls and discordant lists of significantly associated SNPs in
GWAS. However, to our knowledge, there are no systematic
studies to examine variations in BRLMM parameters and
how these may influence the generation of spurious associations in GWAS.
To assess whether the variation of genotype calling of
BRLMM is a potential source of type I and type II errors
in GWAS, we analysed how modifications of the threshold
and size algorithmic parameters in BRLMM aﬀect its ability
to consistently call the 270 samples from the International
HapMap project. To further examine whether the small discordance in genotypes is a possible source of spurious associations in GWAS results, we assessed whether this diﬀerence
propagated to the list of significantly associated SNPs identified in the downstream analysis.

Materials and methods
Raw data

The raw data (CEL files) from the 270 HapMap
samples profiled on the Aﬀy500K were downloaded
from the International HapMap project website (http://
www.hapmap.org/downloads/raw data/aﬀy500k/). The CEL
file format was described on Aﬀymetrix’s developer
pages (http://www.aﬀymetrix.com/Auth/support/developer/
fusion/file formats.zip). The file name indicated the population code (CEU/YRI/CHB+JPT), the sample identifier (e.g.,
NA12345), followed by the Aﬀymetrix array type (based
on restriction enzyme name: Nsp or Sty). Three population
groups composed the data set and each group contained 90
samples: CEU had 90 samples from Utah residents with ancestry from northern and western Europe; CHB+JPT had 45
samples from Han Chinese in Beijing, P. R. China, and 45
samples from Japanese in Tokyo, Japan; YRI had 90 samples from Yoruba in Ibadan, Nigeria.
Quality of the raw data

The quality of the raw data from the Aﬀy500K was assessed using DM (Di et al. 2005) before genotype calling
by BRLMM. DM is a single array based algorithm; it processes one CEL file at a time in a multiple CEL file batch and
statistically assesses experimental qualities with a numerical
score between 0 and 100. A high QC (quality control) number means high quality of the experiment (CEL file).
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Genotype calling by BRLMM

All experiments of genotype calling by BRLMM reported
in this paper were conducted using apt-probeset-genotype of
Aﬀymetrix Power tools 1.8.5. Aﬀymetrix Power tools (APT)
contains a set of cross-platform command line programs
that implement algorithms for analysing and working with
Aﬀymetrix GeneChip®arrays. These programs are available on the Aﬀymetrix website (http://www.aﬀymetrix.com/
support/developer/powertools/index.aﬀx). APT programs
are intended for ‘power users’ who prefer programs that
can be utilized in scripting environments and are sophisticated enough to handle the complexity of extra features and
functionality. The function of apt-probeset-genotype in APT
is an application for making genotype calls using SNP Arrays (100K, 500K, genome-wide SNP Arrays 5.0 and 6.0).
BRLMM is one of the genotype calling algorithms implemented in this function, and enables many parameters to be
changed by a user. For the study reported here, all the parameters, except as noted in the narrative, were set to the default values recommended by Aﬀymetrix. The chip description files (cdf) for both Nsp and Sty chips of Aﬀy500K, as
well as files for defining SNPs on chromosome X, were also
used before genotype calling. They were downloaded from
Aﬀymetrix website. Nsp and Sty CEL files were genotypecalled separately.
In previous work, we assessed calling batch eﬀect and
found that uniform and large batch sizes with homogenous
samples should be used to make genotype calls for GWAS
(Hong et al. 2008). Therefore, three batches were used to
make genotype calls; each used 90 samples from one of the
three population groups.
Comparing genotype calling results

In each of the experiments reported here, the genotype calling results by BRLMM from using diﬀerent thresholds and
sizes were first merged using a set of in-house programs written in C++ . When merging the calling results, genotypes of
SNPs in Nsp and Sty chips of the same samples were merged
followed by assembling together all genotypes of all of the
270 HapMap samples. Thereafter, overall call rates for each
of the experiments, missing call rates of individual samples
and SNPs in each of the experiments, and concordant calls
between experiments were calculated and exported as tabdelimited text files using the in-house programs written in
C++ . Comparison of calling results was done using the R
package.
Paired two samples t-test in R package (t-test) was used
to statistically test the alternative hypothesis that missing call
rates on samples or SNPs between two calling experiments
are diﬀerent.
Association analysis

In order to study the propagation of eﬀects induced by algorithmic parameters to the significantly associated SNPs, all

genotype calling results of the raw data of 270 HapMap samples using BRLMM with diﬀerent thresholds and sizes were
analysed using chi-square statistics test for associations between the SNPs and the case–control mimics.
Prior to association analysis, quality control (QC) of the
calling results was conducted to remove markers and samples
with low quality. For each of the calling results, call rate of
90% was used to remove SNPs. Minor allele frequency was
used to filter SNPs and its cut-oﬀ was set to 0.01. Departure
from Hardy–Weinberg equilibrium (HWE) was checked for
all SNPs. The P value of chi-square test for Hardy–Weinberg
equilibrium was calculated for all SNPs first and then the P
values were adjusted for multiple tests using the Benjamini
and Hochberg false discovery rate (FDR) (Benjamini and
Hochberg 1995). FDR of 0.01 was set as the cut-oﬀ for HWE
test.
To mimic ‘case–control’ in GWAS for the genotype calling results, each of the three population groups (European,
African and Asian) was assigned as ‘case’ while the other
two were used as a ‘control’. This formed a data set for association analysis for identifying the SNPs significantly associated with the ‘case’ population group.
In the association analysis, a 2 × 3 contingency table
(genotypic association) and a 2 × 2 contingency table (allelic association) were generated for each SNP and a case–
control mimic. Then a chi-square statistics test was applied
on the contingency tables to calculate the P values for measuring the statistical significance of the association between
the testing SNP and the corresponding case–control mimic.
After raw P values for all SNPs in a data set were calculated,
Bonferroni correction was applied for P value adjustment.
Lastly, a criterion of Bonferroni-corrected P value less than
0.01 was used to identify the significantly associated SNPs.

Results
Eﬀect of changing the threshold parameter

Confidence thresholds of 0.17, 0.3, 0.45, and 0.6 were used
to derive the initial genotypes of SNPs for estimating prior
distribution in BRLMM. The overall missing call rates, defined as the proportion of missing to the total number of
calls (successful plus missing calls), using thresholds of 0.17,
0.30, 0.45, and 0.60 were 0.5154%, 0.5312%, 0.6423%, and
0.7704%, respectively. Thus, as more confident DM calls
were used to estimate the prior distribution for BRLMM, the
missing calls were reduced. However, overall missing call
rates are not suﬃciently informative to assess their distribution in the data set. Therefore, the eﬀect was compared using
one-against-one comparisons of the distributions of missing
call rates on individual samples and SNPs.
The comparisons of missing call rates of individual SNPs
and samples using thresholds of 0.17, 0.30, 0.45, and 0.60
are given in the scatter plots of figures 1,A&B, respectively.
The Pearson correlation coeﬃcients of corresponding comparisons were calculated and are shown on the top of the
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Figure 1. Scatter plots for comparing missing call rates between calling results
with thresholds. The missing call rates calculated on individual SNPs (A) and
samples (B) from genotype calling results of BRLMM with diﬀerent thresholds
for the Aﬀy500K raw data of the 270 HapMap samples are plotted for pair-wise
comparisons. The diagonal lines indicate that the missing call rates were the
same in the two compared calling results. The Pearson correlation coeﬃcients
between the missing call rates of the two compared calling results are given on
the top of corresponding scatter plots.
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scatter plots. It can be seen from figure 1 that using diﬀerent thresholds generated inconsistent genotype calls from the
exact same raw data. t-tests were performed to determine
whether the two sets of missing call rates from a normal distribution could have the same mean when the standard deviations are unknown but assumed equal. The resulting P values
for the comparisons were less than 0.0001, indicating that
missing call rates of individual samples and SNPs are statistically diﬀerent. Furthermore, it was observed that the inconsistency (defined as 1-r) of missing call rates were positively
related to the corresponding diﬀerences of thresholds, and
negatively related to the sum of thresholds of the compared
calling experiments, as shown in figure 2.
Comparing missing call rates can only assess the eﬀect of
threshold changes on missing calls. Since homozygote, heterozygote, and variant homozygote are possible results for a
genotype call, we determined the eﬀect of threshold on the
ability to consistently call the genotypes. To evaluate the effect of threshold parameters on successful calls, concordance
of calling results with diﬀerent thresholds was analysed (table 1). The threshold aﬀected successful genotype calls since
the discordant calls existed for all of the comparisons. Moreover, the heterozygous genotype concordances were more affected than homozygous genotype concordances.

Table 1. Comparison of discordant successful calls.
Threshold

0.17

0.30

0.45

0.60

0.17
0.30
0.45
0.60

–
41
81
140

19369
–
40
80

51139
22270
–
41

86704
50325
16775
–

Above the diagonal, discordant hetrozygous calls; below the diagonal, discordant homozygous calls.

15,000, and 20,000 were 0.5164%, 0.5154%, 0.5170%, and
0.5163%, respectively. Thus, the number of SNPs used to estimate the prior distribution for BRLMM did aﬀect the genotype calling result, but its influence was very small. However,
as noted above, the overall missing call rates are not informative enough to assess their distribution in the data set. Again,
the eﬀect was compared using one-against-one comparisons
of the distributions of missing call rates on individual samples and SNPs.
The comparisons of missing call rates of individual SNPs
and samples between the results obtained by using sizes of
5000, 10,000, 15,000, and 20,000 are given in the scatter
plots of figure 3,A&B, respectively. The Pearson correlation coeﬃcients of corresponding comparisons were calculated and are shown on the top of the scatter plots. It can
be seen from figure 3 that the same genotype calls were not
obtained from the exact same raw data when using diﬀerent
sizes. However, the inconsistency of missing calls was much
smaller compared to the eﬀect of threshold (figure 3 versus
figure 1). The missing call rates were very similar between
calling results from using diﬀerent sizes. The P values from
t-tests for the comparisons were larger than 0.1, indicating
that the diﬀerences in the missing call rates on both samples
and SNPs were not statistically significant. To evaluate the
eﬀect of size on successful calls, the concordance between
calling experiments with diﬀerent sizes was analysed. It was
observed that the successful calls were exactly same among
diﬀerent sizes (results not shown).
Quality of the raw data

Figure 2. Relationship between missing call rate inconsistency
and the diﬀerence of the thresholds used in BRLMM. Inconsistency (1-r) of the missing call rates calculated on individual SNPs
(left y-axis and blue points) and samples (right y-axis and red
points) from genotype calling results of BRLMM with diﬀerent
thresholds for the Aﬀy500K raw data of the 270 HapMap samples were plotted against δ. The Pearson correlation coeﬃcient,
r, was calculated between the missing call rates of the two compared calling results i and j. The δ was defined and calculated as
T hresholdi − T hreshold j
δ=
.
T hresholdi + T hreshold j

The quality of the raw data is also important for comparative
analyses and interpretation. The quality control (QC) scores
of the 270 Nsp CEL files and of the 270 Sty chip CEL files
of the 270 HapMap samples were calculated using the DM
algorithm. The average QC scores for Nsp and Sty CEL files
are 97.58 and 98.26, respectively. The lowest QC scores for
Nsp and Sty CEL files are 93.49 and 93.18, respectively. The
Aﬀymetrix default QC cut-oﬀ score is 93. Therefore, we confirmed a high QC of the raw data and used all CEL files of
270 HapMap samples in our study.

Eﬀect of changing the size parameter

Propagation of algorithmic parameter eﬀect to associated
markers

Sizes of 5000, 10,000, 15,000 and 20,000 were used to estimate the prior distribution in BRLMM. The overall missing call rates obtained when using sizes of 5000, 10,000,

The objective of a GWAS is to identify genetic markers associated with a phenotype. It is critical to assess
whether and how the algorithmic parameter’s changes
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Figure 3. Scatter plots for comparing missing call rates between calling results
with diﬀerent sizes. The missing call rates calculated on individual SNPs (A)
and samples (B) from genotype calling results of BRLMM with diﬀerent sizes
for the Aﬀy500K raw data of the 270 HapMap samples were plotted for pairwise comparisons. The diagonal lines indicate that the missing call rates were
the same in the two compared calling results. The Pearson correlation coeﬃcients between the missing call rates of the two compared calling results are
given on the top of corresponding scatter plots.

propagate to the significantly associated SNPs identified in
the downstream analysis. Three case–control mimic association analyses were conducted for each of the calling results with diﬀerent thresholds and sizes to assess the prop60

agation of genotype inconsistency to the significantly associated SNPs. After removal of low-quality SNPs by quality control assessment, each of the three population groups
(European, Asian and African) was set as ‘case’ while the
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other two groups were set as ‘control’. Association analyses
were conducted to identify SNPs that can diﬀerentiate the
‘case’ population from the control population. Diﬀerent lists
of SNPs associated with the same population group, identified using the genotype calling results with diﬀerent thresholds and sizes, were compared using Venn diagrams.
The comparison of the significantly associated SNPs obtained from calling results with diﬀerent thresholds are given
in figure 4. It is clear that threshold eﬀect on genotype calling propagated into the downstream association analyses,
since for any statistical tests (genotypic, left column; allelic, right column) and case–control mimics (Asian as case,
first row; European as case, second row; African as case,
last row) there was a discordance of significantly associated
SNPs identified between diﬀerent thresholds. Moreover, the
frequency of discordant SNPs between diﬀerent thresholds
was positively related to the diﬀerence of thresholds used in
BRLMM, as shown in figure 5.

The comparisons of the significantly associated SNPs obtained from calling results with diﬀerent sizes are shown in
figure 6. It can be seen that the discordant significantly associated SNPs between diﬀerent sizes were 0.082–0.113%,
much less compared to the corresponding ones for the threshold eﬀect (1.004%–2.764%).

Discussion
GWAS is increasingly used to identify loci containing genetic variants associated with common diseases and drug responses. The number of SNPs interrogated in a GWAS has
grown from thousands to millions; for example, the newest
Aﬀymetrix SNPs array 6.0 contains ∼2 million probe sets.
At the same time, the allele frequency diﬀerence of diseaseassociated or drug-associated SNPs is usually very small.
Therefore, a very small error rate introduced in genotypes
by genotype calling algorithms may result in inflated type
I and type II errors in the downstream association analysis.

Figure 4. Venn diagrams for comparisons of the significantly associated SNPs
identified in the association analyses using the genotype calling results with
thresholds. The numbers in ellipses are the significantly associated SNPs identified in association analyses using calling results from diﬀerent thresholds: pink
for threshold = 0.17, blue for threshold = 0.30, green for threshold = 0.45, and
purple for threshold = 0.60. Numbers in the sections of ellipses represent the
significantly associated SNPs shared by the corresponding thresholds. Left column (A, C, E) are the results from genotypic associations; right column (B, D,
F) are from the allelic associations. First row (A, B), the association analyses
results using Asian population as case; second row (C, D), the results using
European as case; and the last row (E, F), the results using African as case.
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Figure 5. Relationship between discordant significantly associated
SNPs and the diﬀerence of the thresholds used in BRLMM. Frequency of the discordant significantly associated SNPs identified
by genotypic association (blue points) and allelic association (red
points) from genotype calling results of BRLMM for the Aﬀy500K
raw data of the 270 HapMap samples with two diﬀerent thresh100(ni +ni )

olds i and j, defined and calculated as (ni +ni j ) j where ni and n j
are numbers of significantly associated SNPs identified from results
with thresholds i and j respectively, nij is number of SNPs significant from threshold i but not significant from threshold j, and nij
is number of SNPs significant from threshold j but not significant
from threshold i, were plotted against the diﬀerence of thresholds
(thresholdi − threshold j ). Given at the bottom-right corner is the
Pearson correlation coeﬃcient.

It is important to know the robustness of a genotype calling algorithm. Availability of diﬀerent parameters in the
BRLMM genotype calling algorithm makes it vital to be
aware of the genotype inconsistency caused by using altered
parameter values and their eﬀect on GWAS results.
A heterozygous genotype carries a rare allele. Therefore, the robustness of a heterozygous calling reduces false
positive associations. Our studies revealed that heterozygous
genotype calling was sensitive to algorithmic parameters and
thus algorithms that reduce algorithmic parameters eﬀects
and maintain high call rates and accuracy are needed. Previously, we analysed both the batch size and the batch composition aﬀect the genotype calling results in GWAS using
BRLMM (Hong et al. 2008). Batch size and batch composition eﬀects were found to be a more severe problem on samples and SNPs with lower call rates, and on heterozygous
genotype calls. Therefore, the influences of batch eﬀects of
Aﬀy500K arrays are correlated with the influence of genotyping errors.
Genotype discordance was found in both missing calls
and successful calls. Our study showed the propagation of
discordant genotypes to the significantly associated SNPs
was caused by both sources of discordance. Our observations
suggest that there is a room for improvements on both call
rate and accuracy of calling algorithms.
An interesting observation in our study was that more significantly associated SNPs were identified in the model using
62

Figure 6. Venn diagrams for comparisons of the significantly associated SNPs identified in the association analyses using the genotype calling results with diﬀerent sizes. The numbers in ellipses are
the significantly associated SNPs identified in association analyses
using calling results from diﬀerent sizes: pink for size = 5,000, blue
for size = 10,000, green for size = 15,000, and purple for size =
20,000. Numbers in the sections of ellipses represent the significantly associated SNPs shared by the corresponding sizes. Left column (A, C, E) are the results from genotypic associations; right column (B, D, F) are from the allelic associations. First row (A, B), the
association analyses results using Asian population as case; second
row (C, D), the results using European as case; and the last row (E,
F), are the results using African as case.

African as case (figures 4 and 6). In the HapMap samples it
is well known that the Yoruban is more genetically distinct
than the Asian and European. However, discordant rates of
the significantly associated SNPs for the African model were
lower than the Asian and European models (figure 7). Therefore, discordance in genotypes might be amplified more in
the significantly associated SNPs for weaker traits than for
stronger traits. Comparing with the population diﬀerences
of the HapMap samples used in our study, traits of current
GWAS are usually much weaker, and a smaller number of
concordant significantly associated SNPs are expected.
Besides genotyping errors, another factor to be considered in genotype calling for Aﬀy500K arrays is missing
call bias (MCB). Because MCB often leads to biased conclusions in the subsequent analyses, including estimation
of allele/genotype frequencies, the measurement of Hardy–
Weinberg equilibrium and association tests under various
modes of inheritance relationships, MCB usually leads to
power loss in association tests (Fu et al. 2009). In addition,
unaccounted sample failure as well as hidden population
structure can introduce misleading signals that may mimic
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using data from the Aﬀy500K coupled with the BRLMM algorithm.
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