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GENOME METHODS

A Simple Method for Automated Allele
Binning in Microsatellite Markers

Ramana M. Idury and Lon R. Cardon*

Sequana Therapeutics, Inc., La Jolla, California 92037

High-throughput fluorescent genotyping requires a considerable amount of automation for accurate and
efficient processing of genetic markers. Automated DNA sequencers and corresponding software products are
commercially available that contribute substantially to increased throughput rates for large-scale genotyping
projects. However, some conceptually simple tasks still require time-consuming manual intervention that imposes
bottlenecks on throughput capacity. One of these tasks is the conversion of imprecise DNA fragment sizes
determined by commercial software programs to the underlying discrete alleles that the sizes represent. Here we
describe a simple method for assigning allele sizes into their appropriate allele “bins” using least-squares
minimization procedures. The method requires no special treatment of family data on plates, internal/external
size standards, or electropherogram data manipulation. Tests of the method using the ABI 373A automated
DNA sequencer and accompanying Genescan/Genotyper software resulted in accurate automatic classification
of all alleles in >80% of 208 markers analyzed, with the remaining 20% being appropriately identified as
requiring additional attention to laboratory conditions. Specific characteristics of different markers, including
differences in PCR product size and inexact repeat lengths (e.g., 1.9 bp for a dinucleotide repeat), are

accommodated by the method and their properties discussed.

Genome-wide screens for complex diseases such as
schizophrenia, asthma, or diabetes often require
genotyping of 200-400 markers on hundreds or
thousands of individuals. To meet such require-
ments, considerable effort has been devoted to the
development of high-throughput genotyping meth-
ods. Advances in robotic devices for DNA extrac-
tion, PCR multiplexing methods, fluorescent detec-
tion systems, software for fragment size analysis and
data tracking, and the availability of >5000 micro-
satellite markers have contributed significantly to
the ability to genotype large numbers of samples
rapidly and accurately (e.g., Hall et al. 1996; Ghosh
et al. 1997). Many of these advances have been
predicated on the need for automation, as well-
constructed hardware and software can increase the
rate of processing genotypes as well as provide a
constant environment for identifying and correct-
ing problems. Despite the large number of signifi-
cant achievements in this area, the conceptually
simple task of converting alleles from real-valued
DNA fragment sizes derived from traversal through
a gel into the discrete segregating units they repre-
sent remains largely manual and time-consuming.
Here we describe an approach for automation of this
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task of allele binning and calling in the context of
commercially available DNA sequencing instru-
ments and related software; specifically, the ABI
373A/377 and Genescan/Genotyper software (Ap-
plied Biosystems Division, Perkin EImer, Foster City,
CA).

Genotyping using the ABI hardware and soft-
ware is semi-automated in the sense that lane track-
ing and allele sizing is performed using the Gene-
scan/Genotyper software with some manual inter-
vention (Davies et al. 1994; Reed et al. 1994). How-
ever, the results of applications of the software are
often ambiguous, as sized alleles for large samples of
individuals typically do not fall into discrete groups
as expected genetically. Instead, data points tend to
cluster in allele groupings, with variability around
each allele. This variability is shown in Figure 1,
with the left panel illustrating low variability, and
the right panel showing a range of greater variability
in allele sizes. There are many possible causes of the
allelic dispersion, including plus-A amplification,
gel-to-gel variability, incorrect allele sizing, nonspe-
cific primer sequences, and others (Callen et al.
1993; Hauge and Litt 1993; Hall et al. 1996). Careful
attention to primer design and PCR conditions, ar-
rangement of individual samples on plates accord-
ing to family relationships, and strategic usage of
reference genotypes can be helpful for allele bin-
ning and calling in the presence of such variation.
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Figure 1 Frequency histograms of two markers having different quality of allele sizes. Both markers were typed on
642 individuals using the ABI 373A and accompanying Genescan/Genotyper software. Marker D10S535 has a very
clear separation of alleles, while marker D13S1325 has poor separation between most alleles.

Ghosh et al. (1997), for example, have demon-
strated very high accuracy of allele sizing and bin-
ning by controlling for many possible sources of
variation in PCR conditions and plate organization
(see also Mansfield et al. 1994; Perlin et al. 1994,
1995). However, it is occasionally not possible to
arrange samples by family, as in large prospective
studies, and reference genotypes take up precious
lanes that can otherwise be used for genotyping the
samples of interest. In addition, specific markers are
sometimes essential, by virtue of their chromosomal
location, for which no apparent amount of PCR op-
timization or primer redesign reduces their size vari-
ability. There are also situations in which investiga-
tors have no access to laboratory personnel or tem-
plate, as in the case of contract genotyping services.
Suboptimal data generated in these situations
should not be processed in a manner solely de-
signed for optimal data, which is comprised of
nearly discrete allele sizes. In a high-throughput en-
vironment it would be useful to be able to accu-
rately classify the allele sizes into discrete bins in the
presence of such variability associated with subop-
timal conditions.

In this paper we are concerned with a specific
aspect of this allele binning problem. In particular,
we wish to make use of the commercially available
software for defining the size of each allele and then
automatically bin alleles once the initial sizing is
complete. We also wish to notify investigators of
potential problems in the raw data when the vari-
ability is too large for automated processing. Here

we describe a simple approach for classifying data
that may not meet optimal criteria for simple clas-
sification. Input required for this algorithm encom-
passes only real-valued allele sizes derived from ex-
isting software; output from the method is simply
the categorical allele designation for each data point
and a designation of accuracy for the marker/bin
classification.

METHODS

Definition of Bins

We employ a least-squares minimization procedure
to define the allelic bins. For any marker having
repeat length p, let A, represent each allele size in a
data set to be binned (j=1, ..., 2 N for N samples),
let T reflect the maximum number of alleles possible
fie, T=1+|(max Aj_mjin A)/pl], and let L; repre-
sent the lower boundary of each bin, B;. Our aim is
to select the optimal L; given the allele sizes ob-
tained from the Genescan/Genotyper software. To
estimate these parameters, we begin by sorting the
allele size data in ascending order (A; < A; _ ;) and
settinglL, =A; —pandL;=L;_, +p,fori=2,...,
T. We consider each A; as a member of bin i if L; <
A; < Lj,,. We then calculate the average variation
within bins:

1 T 2N
V=5 2 2 filA - My (€
i=1j=1
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where fi(j) is an indicator variable containing the
value 1 if A; € B; and 0 otherwise, and M; = L; + p/2.

To determine the optimal set of bins, we mini-
mize the within-bin variance V,,. The minimization
is achieved by defining a constant step parameter, s,
which is set to a small value (e.g., s = 0.01). We
calculate V,, over k = p/s trials such that L;(k) = Lj(k -
1) + s and Li(k) = L;_; (k) + p for the kth trial. The
optimal bin set is taken as that in which V,, is small-
est. This method of minimization will not necessar-
ily find the exact global minimum for the set of
bins, but as V,, is quadratic within the boundaries of
the search space this procedure will locate the true
minimum within the limits defined by s. Upon op-
timization, some internal bins may be empty, such
as is observed with rare alleles. The number of indi-
vidual allele sizes within each bin may be counted as

2N
n;= 2 fi(j)
j=1
The number of observed alleles in the data set, omit-
ting the empty bins, is given by

T
> gl)
i=1
where ¢(i) is an indicator variable containing the
value 1 if n; > 0 and 0 otherwise.

This approach ensures that each sized allele is con-
tained within exactly one bin and that no bins over-
lap. It is important to note, however, that this
method allows inter-bin distances to vary across al-
leles, such that the difference between allele sizes in
adjacent bins may be as small as € or as large as 2p -
€, where € is an arbitrarily small number greater
than 0. This type of inter-bin variability is observ-
able as large differences in variances and/or mean
and median sizes between adjacent bins. By allow-
ing inter-bin variability the approach often yields
accurate binning even under difficult conditions
such as bimodal distributions associated with plus-A
amplification.

Measure of Marker Quality

The measure of variation shown in equation 1 is not
strictly a variance in the traditional statistical sense
because it reflects dispersion from the bin median
(M,)) rather than the bin mean. We use the median
rather than the mean to use this measure as an in-
dicator of allele calling accuracy or genotyping/
allele sizing quality, as well as for defining the bin
boundaries. As most allele sizes tend to form a nor-
mal distribution within each bin, and thus the
mean and median are very close, our measure of
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variability is often similar to that which would be
obtained using a traditional variance calculation.
Situations in which the allele sizes do not tend to a
normal distribution, or those in which allele bound-
aries are poorly defined, will result in a particularly
large V,, that can be used to alert an investigator to
visually examine the allele calls and/or individual
genotype sizes. Also, normalizing a standard devia-
tion, S,,, to acommon scale across any repeat length
(di-, tri-, tetranucleotide, etc.) as

Sw =V Vu/(p/2)

permits comparison of markers having variable re-
peat lengths. We use S,, to determine the accuracy of
binning and to indicate when visual genotype in-
spection of the raw size data and allele bins is re-
quired.

Allelic Drift

The least-squares procedure described above appears
to work well for most microsatellite markers (see
Results). Occasionally, however, the optimal bin set
estimated does not accurately reflect the observed
data. In such cases, we have observed that the bin
boundaries for some alleles are slightly shifted, caus-
ing inappropriate allele binning for adjacent alleles.
The source of this inaccuracy may be attributable in
part to a pattern we refer to as “allelic drift,” which
is the tendency for true allele bins to differ by a
value slightly different from the known repeat
length. In our basic model, because we have im-
posed a fixed repeat length p (e.g., p =2 for di-
nucleotide repeats, p =3 for trinucleotide repeats,
etc.), we do not allow for allele bins that actually
differ by, say, 2.1 bp.

To allow for allelic drift in our model and to
explore its behavior in a large empirical data set,
we define an additional parameter to reflect the
drift, 8. The algorithm works similarly to that de-
scribed above, with the exception that at each of
the k iterations for variance minimization, we
evaluate d at small increments, t, between a set of
allowable drift values. Thus, at the kth iteration we
conduct | = (max 8 — min 3§)/t trials, setting
Li(k,) = L;(k)(1 + 8(l)), where 3(1) = min & and
3() =8(l — 1) +tforl > 1. In practice, wesett=0.01
and impose the boundary conditions of min
8= —-0.10 and max 8 =0.10 so that 1 =1, ..., 21.
Thus, the spacing between adjacent alleles is kept
constant at a value p(1 + 3) rather than p. Further
accuracy could be obtained using smaller values of t
and a wider range of & but we have not seen the
need for this increased stringency.
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Test Samples

To test the utility of this simple allele binning pro-
cedure, the method was applied to data for 208
markers genotyped on 642 individuals. Genotyping
was performed using the ABI 373A system for DNA
electrophoresis with the Genescan/Genotyper soft-
ware for allele sizing as described by Hall et al.
(1996). Although the DNA samples represent small
nuclear families, the 96-well plates were not pos-
sible to arrange by family, thereby requiring consis-
tent allele-calling in the absence of Mendelian
transmission information. The marker set com-
prised a collection of highly polymorphic di-, tri-,
and tetranucleotide repeats drawn from publicly
available marker maps (Cooperative Human Link-
age Center 1994; Reed et al. 1994; Dib et al. 1996).

Conditions of some of the test markers were
varied for robust genotyping in our laboratory (by
varying annealing temperature and Mg*? concen-
trations only); others were simply genotyped using
published conditions. For the automated allele bin-
ning tests, no special processing of the data was per-
formed; that is, the data were simply evaluated us-
ing Genescan/Genotyper and then subjected to the
allele binning method. Some of the markers per-
formed very poorly with respect to allele-sizing
prior to evaluation by our method, presumably be-
cause of over-/underpooling, variability between
gels, nonspecific primer sequences, PCR contamina-
tion, or other unknown problems. Although such
errors often may be detected during initial allele siz-
ing, these markers were deliberately included in the
test set to investigate the extent to which the bin-
ning procedures could identify and isolate markers
of poor quality.

RESULTS AND DISCUSSION

Application of the method above to the test set of
208 markers required (2 min of computer time on a
Sun SparcUltral personal workstation. For discus-
sions of the accuracy of the method, we first de-
scribe the characteristics without the allelic drift pa-
rameter, which we describe as the ““basic method,”
and then discuss properties of the method account-
ing for allelic drift.

Basic Method

Distributions of our measure of dispersion, S, are
presented in Figure 2. Corresponding sample statis-
tics are given in Table 1. Several features of the basic
method are apparent from these descriptive statis-
tics. First, the mean value of S, for all markers is very

AUTOMATED ALLELE BINNING

close to 0.25, indicating that the average variability
around each allele bin is +1/4 bp (assuming a di-
nucleotide repeat). Visual inspection of the indi-
vidual markers suggests that any value of S,, < 0.30
is very likely to represent accurate allele sizing and
automated binning. In fact, all markers with
Sw = 0.30 have allele binning accuracy as good or
better than that obtained by visual assignment. As
an example, the marker profile shown in the left
panel of Figure 1 has a corresponding S, value of
0.13, which reflects the distinct nature of the spe-
cific allele sizes. In contrast, the marker in the right
panel of Figure 1 has an S, value of 0.44, reflecting
the poor allele sizing and consequent binning of the
individual alleles. This pattern of effects, combined
with visual inspection of the raw data, suggests that
some crude guidelines may be established for appli-
cations of the automated binning methods. These
guidelines are given in Table 2, where it may be seen
that [077% of markers in our test set may be binned
automatically without visual inspection, irrespec-
tive of repeat type. In addition, most of the markers
in the second category of Table 2 have accurate bins
to the extent permitted by distinct allele sizing, and,
thus, as much as 85% and 96% of di- and tetra-
nucleotide repeats may be automatically binned.
Nonetheless, because a few markers in this category
do have some problems with specific bins, we have
found it useful to conduct cursory evaluations of
the bin boundaries prior to assignment of indi-
vidual allele calls.

35 T T T T T

Marker Count

S

W

Figure 2 Histogram representing standard devia-
tions, S,, for all di- and tetranucleotide markers tested.
Light shaded bars represent dinucleotide repeats and
dark shaded bars represent tetranucleotide repeat
markers.
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Table 1. Descriptive Statistics from Automated Allele Calling of Test Sample
No drift parameter With drift parameter
Marker type No. mean median s.D. mean median S.D.
All 208 0.251 0.237 0.105 0.221 0.202 0.098
Dinucleotide 121 0.292 0.271 0.098 0.254 0.232 0.098
Trinucleotide 8 0.230 0.232 0.076 0.201 0.218 0.063
Tetranucleotide 79 0.191 0.176 0.086 0.174 0.163 0.078

We note that all markers in the test set with
S > 0.45 reflect severe genotyping problems such
that allele sizes form a uniform distribution across
all bins rather than a series of normal distributions.
As noted previously, markers such as these were in-
cluded in the test set as a means to evaluate the
properties of the automated binning procedure un-
der poor conditions. The method clearly identifies
such markers as outliers; in no cases were these poor
markers scored S, < 0.40. However, in some of the
borderline cases (0.31 < S, < 0.40), the binning
procedure does give erroneous allele assignments.
Most of these are resolved by incorporation of the
allelic drift parameter, described below.

Allelic Drift

In general, the basic allele binning procedure ap-
pears to capture sufficient information to automati-
cally call specific alleles or to indicate that the
marker is of such poor quality as to require further
laboratory attention. Consequently, average esti-
mates of the drift parameter are close to 0.00
(3= —0.02, 0.01 for di- and tetranucleotide repeat
markers, respectively). In certain instances, how-
ever, allowing for allelic drift results in a substantial
improvement in automated binning such that a
marker that otherwise would have been flagged for
regenotyping can be accurately binned. Figure 3
shows an example of this improvement. The di-

nucleotide marker shown has a distinct series of al-
leles, yet the basic method performs poorly with
binning (S,, = 0.40). For this marker, 8 = —0.05 with
a corresponding S, = 0.19. The poor performance
of the basic method is attributable to differences
in spacing of adjacent alleles from the expected
value of 2 bp. In this case, adjacent alleles have
an average spacing of 1.90 bp, and 13/15 of the
alleles are separated by <2 bp (range = 1.84-2.09
bp). Consequently, poor binning results from the
expectation of 2 bp separation. The & estimate of
—0.05 captures the average spacing well [p(1 + 3) =
2(1 — 0.05) =1.90].

Interestingly, this marker has a fairly large PCR
product size of 288 bp at the largest allele, indicat-
ing that larger product sizes tend to require more
flexibility in automated binning than do markers
with shorter product sizes. Indeed, for all dinucleo-
tide markers collectively, the drift parameter is
negatively correlated with product size (r = —0.31,
p = 0.0006). This suggests that spacing of adjacent
alleles decreases with increases in PCR product size.
This effect may reflect variability associated with
the longer traversal time of large DNA fragments
through gels before detection. Accounting for allelic
drift is apparently unnecessary for tetranucleotide
repeat markers, as no significant correlation is evi-
dent (r=0.13, p=0.27). This may be because the
larger separation of alleles compensates for the re-
duced drift.

Table 2. Guidelines for Interpretation of Binning Accuracy and Marker Quality

Percent of test sample

di- tetra-
Sw Action (nucleotide) all
0.0-0.30 no inspection required 65.3 92.4 76.6
0.31-0.40 binning likely good; check specific bins 19.8 3.8 13.4
0.41-0.45 binning or sizing poor; check all genotypes 5.0 25 3.8
>0.45 binning and sizing unacceptable; re-genotype marker 9.9 1.3 6.2
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Figure 3 Frequency histogram of illustrative marker
which has nonstandard repeat lengths between adja-
cent alleles. In this dinucleotide marker, the expected
difference between alleles is 2 bp, yet the average spac-
ing is 1.90 bp. The automated binning procedure ac-
curately assigns all bins only when allowing for this
discrepancy of repeat length, referred to as allelic drift.

In summary, we have described a simple
method for automated allele binning of markers in
which optimal conditions of PCR chemistry, primer
design, and internal/external standards are either
unavailable or, when available, still produce consid-
erable variability in allele sizes. In this approach,
situations in which the method yields poor binning
outcomes are as important as those in which it ac-
curately classifies alleles, as one of the aims is to
identify markers that are not amenable to auto-
mated processing and to alert investigators of pos-
sible problems in PCR, primers, sizing, or other con-
ditions which require further attention in the labo-
ratory. Indeed, Mendelian inheritance errors
attributable to incorrect initial sizing were present
in 1.9% of alleles in these data, which lead to sub-
sequent classification of poor quality bins. The
simple statistics and guidelines provided here are
designed to assist investigators in evaluating when
to visually inspect the data in the presence of such
confounding factors. These guidelines should help
to increase throughput capacity in large-scale geno-
typing projects.
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