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Toward High-Throughput Genotyping:
Dynamic and Automatic Software
for Manipulating Large-Scale Genotype Data Using
Fluorescently Labeled Dinucleotide Markers
Jin-Long Li,1,2,3,4 Hongyi Deng,1 Dong-Bing Lai,1,3 Fuhua Xu,1,3 Jian Chen,1,3

Guimin Gao,1 Robert R. Recker,1 and Hong-Wen Deng1,3,5,6

1Osteoporosis Research Center, 2Department of Mathematics and Computer Sciences, and 3Department of Biomedical
Sciences, Creighton University, Omaha, Nebraska 68131, USA; 4Center for Hereditary Communication Disorders, Boys Town
National Research Hospital, Omaha, Nebraska 68131, USA; 5Laboratory of Molecular and Statistical Genetics, College
of Life Sciences, Hunan Normal University, ChangSha, P.R. China 410081

To efficiently manipulate large amounts of genotype data generated with fluorescently labeled dinucleotide
markers, we developed a Microsoft Access database management system, named GenoDB. GenoDB offers
several advantages. First, it accommodates the dynamic nature of the accumulations of genotype data
during the genotyping process; some data need to be confirmed or replaced by repeat lab procedures. By
using GenoDB, the raw genotype data can be imported easily and continuously and incorporated into the
database during the genotyping process that may continue over an extended period of time in large
projects. Second, almost all of the procedures are automatic, including autocomparison of the raw data
read by different technicians from the same gel, autoadjustment among the allele fragment-size data from
cross-runs or cross-platforms, autobinning of alleles, and autocompilation of genotype data for suitable
programs to perform inheritance check in pedigrees. Third, GenoDB provides functions to track
electrophoresis gel files to locate gel or sample sources for any resultant genotype data, which is extremely
helpful for double-checking consistency of raw and final data and for directing repeat experiments. In
addition, the user-friendly graphic interface of GenoDB renders processing of large amounts of data much
less labor-intensive. Furthermore, GenoDBhas built-in mechanisms to detect some genotyping errors and
to assess the quality of genotype data that then are summarized in the statistic reports automatically
generated by GenoDB. The GenoDB can easily handle >500,000 genotype data entries, a number more
than sufficient for typical whole-genome linkage studies. The modules and programs we developed for the
GenoDB can be extended to other database platforms, such as Microsoft SQL server, if the capability to
handle still greater quantities of genotype data simultaneously is desired.

To search for genes underlying complex diseases, such as os-
teoporosis, schizophrenia, asthma, or diabetes, a genome-
wide scan is necessary and often conducted (Lander and
Schork 1994; Ghosh and Collins 1996; Hauser et al. 1996;
Deng et al. 2001a). High-throughput genotyping capability is
needed for genome-wide linkage studies, in which hundreds
of markers often are genotyped for hundreds or even thou-
sands of study subjects. Much progress in this area has been
made. For example, automatic fluorescent detection systems
and related software for fragment size analyses and data track-
ing make the high-throughput genotyping possible (Idury
and Cardon 1997). Although some authors (Perlin et al. 1995;
Hall et al. 1996) have realized that management of large
amounts of genotype data is a bottleneck, little effort has been
made to develop efficient genotype database management

systems (DBMS) to support such large data flow during high-
throughput genotyping.

There are two challenges for an efficient DBMS to sup-
port high-throughput genotyping. First, the genotype data are
dynamic and can change over time. For example, the experi-
ment (PCR and/or electrophoresis) for some particular mark-
ers for some particular DNA samples may fail, so that new
data may be needed from repeat experiments. In addition,
genotype data are not 100% accurate. Data may have to be
replaced by results from repeated experiments, or eliminated
if errors are detected. This procedure may be repeated several
times and, consequently, the records of genotypes in the da-
tabase then may need to be revised over time. Therefore, an
ideal DBMS should be capable of managing the genotype data
dynamically and also should provide functions for easy track-
ing of data or sample sources during data processing. When
raw genotype data come from an experiment, the DBMS
should be able to check if the same record exists in the data-
base before a new record is entered. If a duplicate record ex-
ists, the DBMS also should have a function that decides
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whether or not the new record needs to replace the previous
record.

Second, the accuracy of genotype data is important. Gen-
erally speaking, the raw genotype data obtained from auto-
matic genotyping machines (e.g., ABI PRISM 310 genetic ana-
lyzer and ABI PRISM 377 DNA sequencer machine; Perkin-
Elmer) are not completely accurate. There are many potential
causes for genotype errors. For fluorescent genotyping (the
method that we focus on in this paper), the causes may in-
clude incorrect allele sizing as a result of ambiguous sample
peaks, misplacing PCR products during the process of loading
samples for electrophoresis, DNA sample contamination, etc.
Genotype errors should be detected and corrected before the
data are used for formal genetic analyses.

An ideal genotype DBMS should have the functions to
import raw data from automatic genotyping machines, pro-
cess the raw data, detect potential errors, compile the data,
and export the processed data to suitable programs for further
genetic analyses (Hall et al. 1996). Although some software
products (GENESCANand GENOTYPER, Applied Biosystem Di-
vision/Perkin-Elmer) are available commercially, the process
of managing raw data is considered to be only “semiauto-
matic” (Hall et al. 1996; Idury and Cardon 1997; Pálsson et al.
1999), and thus still time- and labor-consuming. Ideally, a
genotype DBMS should have the capability of manipulating
the genotype data nearly automatically to save time and labor
in high-throughput genotyping.

In our study (Deng et al. 2001a), we are searching for
major genes underlying osteoporosis by using the Linkage
Mapping Set, version 2 (Perkin-Elmer Applied Biosystems).
We are genotyping 435 microsatellite markers for 635 indi-
viduals. The total number of genotype data exceeds one-
quarter million. To manipulate so many genotype data,
which are typical in whole-genome scans for genes underly-
ing complex traits, we developed a Microsoft (MS) Access
application, which is named GenoDB (Genotype DBMS). This
software can manipulate genotype data dynamically. Most func-
tions provided by this software are performed automatically with
only a few keystrokes. In addition, this software provides powerful
built-in error-detecting functions (especially when used in con-
junction with the Mendelian inheritance-check program Ped-
Check [O’Connell and Weeks 1998]), and a function that al-
lows users to trace back easily to gel or sample sources for
uncertain or erroneous genotype data. The latter function is
useful for directing repeat experiments for uncertain or erro-
neous genotype data (Hall et al. 1996).

In this paper, we first will describe the database structure
design for GenoDB. Then we will describe four essential modules
for different functions of GenoDB:

(1) autocomparison of the data that are read by different per-
sons for the same raw data, to minimize subjectivity in
reading raw genotype data;

(2) autoadjustment of allele fragment sizes across platforms
or across runs, to account for potential differences result-
ing from different gels run on the same machine or dif-
ferent machines;

(3) autobinning of alleles, to categorize alleles efficiently by
their fragment sizes; and

(4) autocompilation of data in the format for PedCheck
analyses (O’Connell and Weeks 1998).

The error detection functions built into GenoDB, the function
for tracking genotype data sources, and several statistical reports

will be discussed. We will then describe the user-friendly graphic
interfaces of GenoDB. Finally, we will discuss the practical impli-
cations of GenoDB for high-throughput genotyping.

RESULTS

Database Design
Throughout this paper, we use the small-cap font to indicate
an entity of the database GenoDB. One may think of an entity as
a table in MS Access , which stores information for a thing
(e.g., a marker), a place, or a study subject in a database. Figure
1 is a simplified entity-relationship diagram (Chen 1976) that
describes the database design of GenoDB in detail. The entity
PEDIGREE (Fig. 1) provides necessary family information of all the
study subjects. The table PEDIGREE may be imported from, or sim-
ply linked with, other phenotype DBMS. Because we concentrate
on the topic of a genotype DBMS in this paper, we will not
discuss database designs for phenotype DBMS that already have
been dealt with by Cheung et al. (1996) and McMahon et al.
(1998). Keeping pedigree information always updated is very
important for GenoDB. Ideally, genotype and phenotype DBMSs
should be combined so that pedigree information in both is con-
sistent upon updating.

The entity GENOTYPE (Fig. 1) stores the information of
genotype data, including raw data and processed data. The

Figure 1 Relational schema for GenoDB. (*), The field of a primary
key of an entity; (1), the side of “one” relationship; (�), the side of
“many” relationship. The entity PEDIGREE stores the pedigree informa-
tion, including study subject unique identity ([UID]), family identity
([FamID]), study subject individual identity within a family ([IndID]),
subject’s mother’s (father’s) identity within a family ([MothID], [Fa-
thID]), and gender information ([Gender]). DNA stores the DNA
sample information, including DNA sample identity ([SampleID]) and
corresponding study subject unique identity ([UID]). The fields [File
Name], [Category], [Peak 1], [Peak 2], [User Comment], [Lower Sig-
nal], [Saturation], and [Sample Info] in both the entities CEPH and
GENOTYPE are defined the same as those used in the software GENO-
TYPER (version 2.1). The fields [LoadFile], [Adjusted_Peak_1], [Ad-
justed_Peak_1], [Allele_label_1], and [Allele_label_2] in the entity
GENOTYPE are explained in the text. CEPH stores the information of CEPH
controls that run in a fixed place in each gel. The field [LoadFile] is
explained in the text. [Average] stores the mean length of [Peak 1]
and [Peak 2] of the entity CEPH. [Adjust_value] stores the difference
between the [Average] of CEPH control (in the CEPH entity) obtained
from experiments and the [Average] of CEPH standard (in the MARKER

entity) obtained from published data from the web for the same
dinucleotide marker. The fields [Marker], [Chromosome], and [Panel]
in the entity MARKER store the information for marker name, the chro-
mosome where a marker is located, and the panel where the marker
is placed. The fields [Peak_1] and [Peak_2] store the published values
of fragment length for CEPH 1347–02 from the Web site of Perkin-
Elmer Applied Biosystems (http://www.pebio.com/ab/apply/dr/
lmsv2). The field [Average] in the entity MARKER stores the mean of
[Peak_1] and [Peak_2].
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fields [Peak 1] and [Peak 2] contain the raw genotype data as
real numbers representing the fragment lengths of two di-
nucleotide marker alleles that are obtained directly from ex-
periments with automated machines. Throughout this paper,
a bracket indicates an attribute of an entity. An attribute is a
field of a table; therefore we will use “field” throughout this
paper instead of “attribute”. The fields [Adjusted_Peak_1] and
[Adjusted_Peak_2] contain the adjusted data for the raw data
in [Peak 1] and [Peak 2], respectively. The method of adjust-
ment is introduced in “auto-adjustment” in the “Functional-
ity” section in the following. The fields [Allele_label_1] and
[Allele_label_2] contain integer numbers (for two alleles of a
dinucleotide marker of an individual) that are converted from
[Adjusted_Peak_1] and [Adjusted_Peak_2] according to the
binning criteria automatically generated by GenoDB.

The entity CEPH (Fig. 1) stores genotype data of Centre
d’Etude du Polymorphisme Humain (CEPH) that are used as
controls run on each gel at a fixed location. The field [Load-
File] stores the names of electrophoresis gel files; while the
field [Category] stores the names of dinucleotide markers. The
combination of the fields [Cat-
egory] and [LoadFile] are the pri-
mary key for CEPH; therefore, the
name of each gel file should be
unique. A primary key is a field (at-
tribute) or a combination of several
fields that uniquely identifies each
record stored in a table (entity). A
primary key of a table guarantees
that no redundant data (repeated
records) exist in a table of a data-
base. In our application of GenoDB,
the format of gel files is “pt?-p?-date-
?”. The question mark indicates an in-
teger number. The first, second, and
third question mark, respectively, in-
dicate the identity of a numbered
plate (each containing 96 DNA
samples); the identity of a numbered
marker panel (28 panels total for the
whole genome in the ABI PRISM Link-
age Mapping Set, version 2, Perkin-
Elmer); and the identity of a num-
bered person who has created the
file. For instance, “pt1-p2–062300–
2” indicates that technician “2” cre-
ated this file on Jun 23, 2000, for
plate 1 and marker panel 2. The same
file-naming format is used for the field
[LoadFile] of the entity GENOTYPE. The
unique name for every electrophore-
sis gel file renders it possible to keep
track of the flow of data that are as-
sociated with gel files in GenoDBcon-
veniently and easily.

The entity MARKER (Fig. 1)
stores the information (fragment
length, chromosome location, and
panel information, etc.) for CEPH
standard DNA that comes from the
published data from Perkin-Elmer
Applied Biosystems (www.pebio-
.com/ab/apply/dr/lmsv2). The en-
tity DNA (Fig. 1) stores the DNA

sample information. Because we use CEPH DNA (that is du-
plicated on a specified location in each plate) as standard to
control potential gel-to-gel variation and to detect potential
DNA sample mislocation during loading samples for electro-
phoresis, we do not duplicate any DNA sample from study
subjects in our experiments. Therefore, in our database, one
record in the field [UID] (representing unique ID of each study
subject for his/her pedigree information) of the entity PEDIGREE

only has one corresponding record in the field [SampleID]
(identity of sample in DNA plates) of the entity DNA.

Functionality

Overall Procedures
The procedure of GenoDBto manipulate genotype data is flex-
ible. Figure 2 indicates the data flow of GenoDB. Essentially, there
are four modules (functions) of GenoDB: loading raw genotype
data from automated machines, adjustment of raw data by CEPH
control DNA, allele binning, and compilation of genotype data
for the Mendelian inheritance check of marker genotypes in pedi-

Figure 2 Data flow of GenoDB. The rectangle indicates the process in the data flow chart; a diamond
indicates a decision in the flowchart; a parallelogram indicates stored data. The section contained
within the dotted lines indicates the data loading module.
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grees by PedCheck (O’Connell and Weeks 1998). These four
functions can be performed in series or performed individu-
ally. During a genotyping project, one needs to load data after
each gel file has been generated, and to check consistency of
alleles labeled by different technicians with the data-loading
module. Inconsistencies of allele labels by different techni-
cians that are detected may not be settled immediately and
may be set aside temporarily. Users can proceed to the next
steps: adjustment of data obtained from different gel runs
and/or different machines, allele binning, and data compila-
tion for inheritance check. Errors may be detected during ex-
ecution of each step. These errors may be stored in tables or
recorded, and the erroneous genotypes may be set aside and
not entered into the execution of the following steps. When
accumulated to a certain extent, these error data will be sub-
ject to repeat experiments with PCR and/or electrophoresis
and/or allele relabeling on the original gel files. Each func-
tional step and associated algorithmwill be described in detail
below.

Data Loading into GenoDB
After each electrophoresis, raw genotype data are sized by
GENESCAN(version 3.1). One or two technicians then check
genotype data using GENOTYPER(version 2.1). Manual check-
ing by technician(s) for the resultant genotype data usually is
necessary (Ghosh et al. 1997). GenoDBprovides two ways to
load raw genotyping data into the database, one with compari-
son (when two technicians check genotype data) and the other
without comparison (when only one technician checks genotype
data). The latter method (without comparison) may speed the
process and does save time and labor; it may be adopted if the
technician reading the gel data is very experienced. Otherwise,
we recommend using the former method, as it may reduce sub-
jective and/or uncertain judgement of allele peaks by different
technicians upon data comparison.

Depending on whether one or two technicians read gel
data, one or two tables—the primary check table (PCT) or PCT
and the second check table (SCT)—are created in MS Excel
format for each gel. These tables, together with the gel files,
are recorded on a recordable CD, and may be stored in a safe
place as permanent records. In the meantime, the MS Excel
tables are transferred, through a local area network or the
internet, to a personal computer that is dedicated to genotype
data analyses. After loading and comparison of PCT and SCT,
GenoDB identifies the inconsistent data between the PCT and
SCT. These data then are subject to scrutiny by a third technician
or discussion between the previous two technicians, which results
in an additional MS Excel file, the third check table (TCT).
Consistent data in the PCT, SCT, and TCT will be accepted,
and inconsistent data will be subject to repeat experiments
(PCR and/or electrophoresis, etc.).

Data Loading into GenoDB with Comparison
GenoDBcompares the PCT and SCT automatically after the user
locates and loads these two table files by using the browsing
function built into GenoDB. After comparison, GenoDB accepts
the same but not null records in the PCT and SCT. In the mean-
time, GenoDBgenerates two other reports, “redo” and “reread,”
if there are any data needed for repeating experiments or for
rereading the source gel files. All of the records without entry (no
PCR products) in both PCT and SCT will appear in the report
“redo.” The samples indicated in the report “redo” are subject to
repeat experiments (PCR and electrophoresis). All the records
that are different in both PCT and SCT appear in the report “re-

read.” These records are required to be read on the original gel
file by a third technician or to be discussed by the previous two
technicians, which will result in the TCT.

After the TCT is created, GenoDBcompares TCT with PCT
and SCT. If the record in TCT agrees with the record in either PCT
or SCT, this record is accepted for entry into the database; oth-
erwise, it is listed in the report, “rerun.” All of the DNA samples
in “rerun” need to be repeated for electrophoresis.

Data Loading into GenoDB without Comparison
Without comparison, GenoDBloads all non-null records into the
database, and leaves the null records in the report, “redo,” which
requires repeat runs of PCR and electrophoresis.

Auto-Adjustment of Fragment Length Data across Runs
and across Platforms
The same PCR products may yield different fragment lengths
if run on different gels or different machines. Therefore, the
data across runs (electrophoresis) and across platforms (differ-
ent machines) need to be adjusted before being combined for
further analyses (such as allele binning). We assume that a
constant adjustment value can be applied for all PCR products
on the same gel for the same marker. The adjustment value is
the deviation of the value of the CEPH control sample on each
gel for one marker from the standard published CEPH value of
the same marker. We use CEPH 1347–02 DNA as a uniform
control sample and run it on each gel in a fixed location (lane
25 for PE 377 DNA sequencer, or E7 for PE 310 DNA analyzer
in our study). Although the results are similar, the adjustment
algorithm developed here is unlike the one described in
Ghosh et al. (1997). Ghosh et al. (1997) employed the average
fragment lengths of all CEPH (1347–02) control values that
are obtained from all running gels as the standard for adjust-
ment. Thus, the adjustment value may change over time with
addition of new gel data. In contrast, our algorithm takes
advantage of the published value of CEPH (1347–02), which
can be obtained from the Web site (http://www.pebio.com/
ab/apply/dr/lmsv2). If the CEPH genotype is homozygous for
a marker, we take the published fragment length of the
marker directly as the standard for adjustment of gel data
resulting from runs. If the CEPH genotype is heterozygous,
the mean of the published fragment lengths of the two alleles
is set as the standard for adjustment. In our algorithm, every
record in the entity GENOTYPE has two values for each allele, an
original value and an adjusted value. The adjusted values are
used for further analysis, such as allele binning and conver-
sion of allele sizes (as real numbers) to allele labels (as inte-
gers) according to the autoset binning criteria. The original
values are useful for retrieval functions that may let user(s)
trace back easily to the source gel files if necessary.

Compared with the Ghosh et al.’s (1997) algorithm for
adjustment, ours is simple and can save computational time.
Both algorithms can reach the same goal, namely, reducing
the ranges of bins and increasing the interbin distances
(Ghosh et al. 1997). The adjustment values of Ghosh et al.
(1997) may change during genotyping projects with the ad-
dition of more data from more gels. Therefore, with their
algorithm, the adjustment either may be done only at the end
of a genotyping project, or the adjustment will change and
need to be redone with every new additional set of data dur-
ing a genotyping project. This is not a problem with our al-
gorithm, in which the adjustment can be performed any time
during a genotyping project and the adjustment for each re-
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cord is final, as the adjustment standard does not change. The
adjustment is performed automatically by GenoDB.

After autoadjustment of allele size, an error report of
such adjustment is generated automatically if there is any
error detected. Table 1 is an example of such a report. Using
this report, some genotype errors may be detected. For ex-
ample, misplacement of DNA samples when performing elec-
trophoresis may be detected if the misplacement includes the
CEPH control sample. GenoDB automatically compares the
state of a locus of CEPH samples run on the gel with the published
standard data. If the state is different, i.e., if the state is changed
from heterozygous to homozygous, or vice versa, an error is in-
dicated. This type of error is classified as error 1 in Table 1. Error
1 also may occur as a result of incorrect allele sizing for CEPH
control data. Rereading the original gel files is required if an error
1 is detected. There are two other categories of adjustment er-

rors. Error 2 (Table 1) reports the fact that the standard deviation
(SD) of adjustment values for a marker across all gels is at least 0.2
for cross-runs with the same genotyping instrument platform.
Usually, the SD should be <0.2; the SD of adjustment values for
a marker across instrument platforms can be much larger (ABI
PRISM 1997). Error 3 reports the fact that the adjustment value of
a marker for a gel is beyond three SD from the mean adjustment
value for that marker across all gels when error 2 is absent. The
causes of errors 2 and 3 could be incorrect sizing for CEPH control
samples, or misplacement of DNA samples, or other unknown
reasons. Careful reanalysis of the data is required to detect the
sources of specific genotype errors.

Auto Allele Binning in GenoDB
The algorithm of allele binning in GenoDB is similar to that of
Ghosh et al. (1997), and thus will not be elaborated. The values
of allele fragment lengths used for binning are adjusted values.
After allele binning, tables for sorted allele fragment sizes (ad-
justed) (e.g., Table 2) for each marker are created, and statistical
report (e.g., Table 3) of auto allele binning is generated auto-
matically.

The histogram technique for visualizing allele binning is
commonly used (e.g., Ghosh et al. 1997, ABI PRISM 1996). We
developed an alternative technique — a plotting technique
for visualizing allele binning, which is intuitive and informa-
tive in revealing bin range, interbin distance, and adjacent-
bin distance (all defined below) that may reflect bin quality
and suggest potential error in autoallele binning. GenoDBau-
tomatically generates tables for sorted allele sizes (e.g., Table 2)
for each marker. A sorted table can be exported to MS Excel
from MS Access . A scatter plot (Fig. 3) then can be drawn
easily with MS Excel.

Interbin distance (IBD) is the difference between the
longest fragment size of one bin and shortest fragment size of

Table 1. A Sample Report of Potential Genotype Errors
Detected by the GenoDB Module for Adjustment of Allele
Fragment Lengths across Runs and Across Platforms

Marker LoadFile Error

D12S310 pt1-p19-121099-1 1
D12S324 pt1-p19-121099-1 1
D18S63 All 2
D19S884 All 2
D18S520 Pt5-p24-102299-2 3

LoadFile is the name of electrophoresis gel files. There are three
categories of potential genotype errors in this report; these are
defined in the text.

Table 2. Sorted Allele Fragment Lengths for Dinucleotide
Marker D20S196

Number Sample ID Allele size

1 f12-06 265.04
2 b05-07 265.12
3 a11-02 265.145
4 d12-02 265.145
5 g03-07 265.17

— — —
561 f10-07 284.75
562 a04-06 284.77
563 h02-05 284.77
564 h08-01 284.94
565 c05-07 285.04
566 b12-06 285.32
567 a08-02 285.325
568 f10-06 285.34
569 a10-02 285.355
570 h05-01 285.355
— — —

1250 d12-05 296.195
1251 b12-05 296.205
1252 c12-05 296.205
1253 b05-01 296.225
1254 e12-05 296.34

This table represents a part of the genotype data for the marker
D20S196. Sample ID is the identity of the DNA sample. Allele size
is the fragment length in base pairs (after adjustment). The two
boldface rows indicate the potential genotype errors that are de-
tected by the auto allele-binning module of GenoDB. See text for
details.

Table 3. Example of a Statistical Report of Allele Binning
(Marker D20S196)

Bin
Start
point

End
point BR ABD

No. of
alleles

1 265.04 266.07 1.03 — 310
2 268.18 268.18 — 2.78 1
3 271.1 271.315 0.21 3.05 8
4 272.92 273.33 0.41 1.89 14
5 276.05 276.05 — 2.93 1
6 277.63 278.185 0.56 1.79 87
7 278.74 278.81 0.07 0.92 3
8 279.63 279.74 0.11 0.92 2
9 280.615 281.37 0.76 1.15 46

10 282.49 282.81 0.32 1.80 11
11 283.39 283.625 0.23 0.87 27
12 284.3 285.87 1.57 1.57 112
13 286.38 286.82 0.44 1.47 93
14 287.32 287.35 0.03 0.79 3
15 288.285 288.79 0.50 1.18 228
16 290.255 290.8 0.54 1.93 241
17 292.205 292.56 0.36 1.91 54
18 294.14 294.43 0.29 1.88 7
19 296.105 296.34 0.24 1.97 6

BR, bin range; ABD, adjacent bin distance. See text for definitions.
Boldface numbers are cited in the text as examples of genotype
error detection during allele binning. The start point is the small-
est value of fragment lengths of a bin; end point is the largest
value.
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the adjacent bin that is larger in size (Fig. 3). The minimum
value of IBD is called the tolerance level for creating a bin.
Within a bin, the size difference between two sequentially
sized alleles is always less than the tolerance level. In our
study, the tolerance level is set at 0.5 bp, initially. One can
reset this value before performing autobinning in GenoDB. Bin
range (BR) is defined as the distance between the start point (the
shortest fragment length) and the end point (the longest frag-
ment length) of one bin. BR is usually <1.0 bp. From our expe-
rience in genotyping 635 individuals with 435 dinucleotide mi-
crosatellite markers, a potentially erroneous allele binning is sig-
naled if BR is larger than 1.25 bp. Adjacent bin distance (ABD) is
the difference between the mean fragment lengths of two adja-
cent bins. ABD should be close to an integer. Because we use
dinucleotide markers in our experiment, ABD often is close to an
even number. However, ABD may sometimes be close to an odd
number, because some alleles of some markers may truly differ in
size by odd numbers as a result of the plus-A phenomenon
(Ghosh et al. 1997) that occasionally occurs. Significant deviation
of ABD from an integer (>0.3 bp, by our experience) is a signal of
bad allele binning, if the sample sizes of two adjacent bins are
large enough (>20, by our experience). One or several alleles
sometimes may be found with fragment lengths in the middle of
two adjacent bins. These are largely a result of uncaught geno-
typing errors that are subject to further examination of the raw
data or repeated experiments. With the aid of our plotting tech-
nique, these alleles can be identified easily, and elimination of
these alleles is helpful in building good allele-binning criteria.

Table 3 and Figure 3 provide an example of detecting
genotyping error problems in allele binning by using the
above-defined parameters (BR and ABD) and our plotting
technique. The fact that the BR of bin 12 (Table 3, automati-
cally generated by GenoDB) is 1.57 bp (>1.25 bp) and the ABD
is 1.57 bp (deviation from an integer 2 that is >0.3) indicate a
potential error. Our plotting techniques are applied (Fig. 3) for
exploring details associated with the potential errors signaled in
Table 3. Two erroneous genotypes (h08–01 and c05–07 [DNA
sample ID], which are highlighted in Table 2) then can be de-
tected and identified for tracing back to the raw gel data for
further analyses. After removing these two erroneous genotypes,
bin 12 then can be divided into two bins. These two DNA
samples with erroneous genotypes are subject to repeated ex-
periments or relabeling in the original electrophoresis gel files
and the resultant new records will be reloaded into GenoDB.
Because the combination of the fields [Sample ID] (DNA sample
Identity) and [Category] (marker name) is the primary key of the

entity GENOTYPE and we have already known the DNA sample ID
and marker name for these two errors; therefore, we can easily
trace back to the records for them in the table GENOTYPE. Because
every electrophoresis gel file has a unique name and the field
[LoadFile] in the entity GENOTYPE contains the names of gel files,
we can therefore easily track the gel file for a particular record of
genotype data. The feature allowing easy tracking of source data
in GenoDB is very useful for directing repeated experiments.

Data Compilation for a Suitable Program to Perform
an Inheritance Check
Some genotyping error cannot be detected by previous built-
in error-checking mechanisms in GenoDBuntil inheritance pat-
terns of genotypes in pedigrees are examined by PedCheck
(O’Connell and Weeks 1998). GenoDBcan export two MS Ex-
cel tables, “Ped” and “Markers”, in the format (after convert-
ing to text files) for analyses by PedCheck . Errors detected
then will be subjected to further analyses of raw data or re-
peated experiments.

GenoDBdoes not provide a function to generate directly the
suitable files for genetic analysis, such as LINKAGE (Ott 1991),
SOLAR(Almasy and Blangero 1998) and GENEHUNTER(Krug-
lyak et al. 1996). However, one can perform basic queries in
MS Access to generate suitable files for particular types of
genetic analyses from the table “Ped” (generated from
GenoDB) and phenotype information from other phenotype
DBMS.

GenoDBgenerates an overall statistical report (e.g., Table 4)
automatically after data compilation, where the rates of data out-
put, missing data, and mutations are listed. Data outputs are the
records for those samples for which experimental data have been
generated. The rate of data output bears information on geno-
typing speed and status. Missing data include those that have no
data as a result of no PCR product output even after three re-
peated experiments. With correct pedigree information, some
genotype data cannot pass the inheritance check, but the data
are of high quality and are consistent even after three repeat
experiments. These data are counted as mutations. Rates on miss-
ing data and mutations are important for assessment of geno-
typing quality and for genetic analysis concerning mutations.

User-Friendly Graphic Interface
GenoDB offers a user-friendly graphic interface, which will be
illustrated in this section by reproductions of actual screen im-
ages. GenoDB has five screen-view modes: auto-import view,
auto-adjustment view, auto-binning view, auto-compilation

Figure 3 A sorted allele fragment length scatter plot for the di-
nucleotide marker D20S196. Part of the genotype data of D20S196 is
plotted. See text for the definition of BR, IBD, and ABD.

Table 4. Overall Statistic Report for Panel 25

Marker
Data output

(%)
Missing data

(%)
Mutations

(%)

D19S210 100 0.00 0.00
D19S220 100 0.16 0.16
D19S221 100 0.79 0.31
D19S414 100 0.00 0.00
D19S420 100 0.00 0.00
D20S100 100 0.00 0.00
D20S112 100 0.16 0.00
D20S115 100 0.16 0.00
D20S117 100 0.16 0.00
D20S171 100 0.00 0.00
D20S196 100 0.00 0.00
D20S889 100 0.00 0.31
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view, and gel-file tracking view. Figure 4a shows the screen for
importing genotype data into the database. In this example
screen, the radio button, “Two table comparison,” is turned on
and the paths of two files in MS Excel format are located by
using the browse function. The user then can click the “Im-
port” button to compare and import the genotype data auto-
matically. After this procedure, the user can click the “View
(Print) Report” button to view (print) a report “redo” or “re-
read.” For the three-table comparison mode, only one report,
“rerun,” can be viewed or printed. If the radio button “Load-
ing data without comparison,” is turned on, only one report,
“redo,” will be generated.

Figure 4b shows the screen for autoadjustment. The
genotype data from one or more loading files can be adjusted
simultaneously. After the user selects loading file names and
clicks the “Adjusting” button, GenoDB automatically adjusts
the fragment length values of alleles according to the CEPH stan-
dard. The error report for auto-adjustment can be viewed by
clicking the “View error report” button after auto-adjustment.

Figure 4c shows the screen for autobinning. The user can
choose a tolerance level or simply use the default value of 0.5
bp. In this screen, there are four choices for allele binning all
markers, according to either a chromosome, a marker panel,
or an individual marker. After the user selects the proper chro-
mosome(s), or panel(s), or marker(s), and clicks the “Binning”
button, GenoDBwill generate allele binning automatically. The
statistics for auto-binning can be viewed by clicking the “View
statistics” button. If one believes that there are some binning
errors for one marker, he/she can highlight this marker in the
selected list, and then click the “export” button. The table that
contains all the records of allele sizes (sorted) will be exported in
MS Excel format. The user can then draw a sorted allele size
scatter plot with MS Excel.

Figure 4d shows the screen for autocompilation of the
data for PedCheck analyses. There are four choices, the same
as the screen for auto-binning. After the user selects the
proper fields and clicks the “Compilation” button, GenoDB
will automatically export two MS Excel formatting tables,
Markers and Ped. After saving these two tables in text format,
the user then can perform inheritance check using PedCheck .
Clicking the “Overall statistic” button on this screen, the user
can view the overall statistics.

Figure 4e shows the screen for the function to track the
source of genotype data and CEPH control that is run on each
gel. There are two choices in this screen. One is for the func-
tion to track the source of raw genotype data according to a
marker name and a DNA sample ID of a record of genotype
data. Another is for the function to track the source of CEPH
control DNA samples according to a marker name and the
name of an electrophoresis gel file for a record of CEPH con-
trol. In this example screen, the radio button “GENOTYPE” is
turned on. After the user selects a marker name and a DNA
sample ID from the lists and clicks the button “Find A Rec-
ord”, the source of the genotype data will appear in the proper
fields that cannot be edited on this screen. However, the user
can write some comments in the text box “Comments.” After
the user clicks the button “Add a record to report”, the se-
lected record together with the comments will be added to a
report that can be viewed or printed by the functions that are
provided on the screen. This procedure may be repeated until
all records needed are added to the report. The information
on this report is helpful for directing future repeat experi-
ments. If the radio button “CEPH” is turned on, the source of
the CEPH control runs in each gel can be tracked after the user

selects a proper marker name and gel file name for a record of
CEPH controls. This function is helpful for reanalyzing the
genotype data of CEPH control DNA samples.

Application of GenoDB to a Whole-Genome Scan
for Genes Underlying Osteoporosis
Osteoporosis is a major health problem largely characterized
by low bone mass (Deng et al. 1998, 2000a,b). The risk of
osteoporosis has been shown to have a very strong genetic
component (Deng et al. 2000a,b). Extensive molecular genetic
studies are being launched to search for genes underlying os-
teoporosis (Deng et al. 2001a,b). In a whole-genome scan for
genes underlying osteoporosis that is being conducted in our
center (Deng et al. 2001a), we applied GenoDBto process geno-
type data collected. In our practice, we set up one database for
each marker panel so that the total number of genotype data in
each database is generally <15,000. The capacity of GenoDB is
more than sufficient to process such a large amount of data (see
Discussion). For the 16 marker panels for which we have finished
genotyping and data analyses, we performed PedCheck
(O’Connell and Weeks 1998) for individual markers by each
marker panel. We (Deng et al. 2001a) performed linkage
analyses using the variance component approach (Almasy
and Blangero 1998) by combining the genotype data with
phenotype data via simple queries with MS Access .

For the 16 marker panels that we have completely fin-
ished thus far, our experience with GenoDBdemonstrated that
the autoallele-binning modules worked very well for almost all of
the markers. GenoDBcannot properly set up bin criteria for some
markers (e.g., D16S515 and D15S127) because the BR (bin
range) is too large for one bin. This might be largely a result of the
inherent difficulty in combining data from different runs and ma-
chines and GenoDB’s inability to handle that difficulty for the few
markers. We excluded all of the genotype data for these particu-
lar markers in our linkage analyses. There may be solutions for this
binning problem, e.g., by employing the allelic ladder method
(Puers et. al. 1993; Griffiths et al. 1998), which has been used by
forensic community.

We used GenoDB to clean up and improve genotype data
during our genotyping work with four cycles of procedures
(Table 5). In each cycle, we applied the error detection methods
in GenoDB to detect genotype errors. We also performed Men-
delian inheritance check using PedCheck to detect genotype
inconsistencies within pedigrees. In the first cycle, we did not
perform Mendelian inheritance check because many geno-
type errors identifiable and potentially solvable by GenoDB
may be detected before PedCheck . Example results (Table 6) of
our genotyping procedures aided by GenoDB show that
GenoDBcan improve genotype data and clean up genotype error
quite efficiently. Most of genotype errors can be detected in the
1st , 2nd, and 3rd cycles. After the 4th cycle, the unsolved geno-
type data rate (the number of unresolved genotype data /the
total number of genotype data) is <0.2% in the final genotype
database (Table 6). The genotype data in the final genotype da-
tabase should be considered good enough to perform linkage
analysis. For all those finished markers in our study, the unsolved
genotype data rates range from 0.1% to 1% for various markers,
with an average of 0.3%. The unsolved genotype data after the
fourth cycle of genotyping procedures are set as missing data or
mutation data as described earlier. The high-quality genotyping
data of our finished marker panels are essential for the findings of
significant and suggestive genomic regions containing genes for
osteoporosis (Deng et al. 2001a).
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DISCUSSION
Whole-genome searches for genes underlying complex dis-
eases in humans generally involve extensive genotyping.
Management of large quantities of the resultant genotype
data creates a bottleneck for high-throughput genotyping
(Perlin et al. 1995; Hall et al. 1996). Developing a well-
designed genotype DBMS helps to break down the bottleneck
and thus speeds up genotyping. In a project underway in our
center, we are genotyping 435 microsatellite markers for each
of 635 individuals. The total number of genotype data exceeds
250,000, which is typical for whole-genome linkage studies
for complex diseases. To manipulate efficiently the large
quantities of genotype data that are generated by our experi-
ment, we developed a genotype DBMS, GenoDB.

GenoDBhas several strengths. First, almost all of the func-
tions provided by GenoDBare automatic. These functions include
autocomparison, autoadjustment of allele sizes across runs or

across platforms, autobinning, and autocompi-
lation of genotype data for suitable programs to
perform inheritance checks in pedigrees. Auto-
mation greatly reduces time and labor and is a
key to improving high-throughput genotyping.
Ghosh et al. (1997) developed a software, ABAS
(Automated Binning and Adjustment Soft-
ware), which can perform part of the tasks in
GenoDB (i.e., autobinning, autoadjustment of
allele fragment lengths). However, according to
P. Chines, a coauthor of Ghosh et al. (1997)
who is also the system analyst of ABAS, the cur-
rent version of ABAS“requires complex and
expensive infrastructure (including Sybase)”
and ABAS“is very difficult to install and set
up properly.” A portable version of ABAS is
being developed (P. Chines, pers. comm.).

Second, genotype databases are changed
over time during a project and GenoDBcan
manipulate genotype data dynamically.
GenoDB automatically checks the whole data-
base to see whether an incoming record of a
dinucleotide marker exists for the same indi-

vidual before the incoming raw genotype data enter into the
database. If it exists, GenoDBautomatically decides whether or
not the incoming record should replace the previous one. We
assume that the incoming record (if not null) obtained from a
repeat experiment is always better than the previous one when a
repeat experiment is required after a genotype error is detected
with the previous record. Therefore, the incoming data replace
the previous record in most situations. The previous record is kept
in the table (entity) GENOTYPE only if the incoming record is a null
record as a result of the failure of a repeat experiment. Hence,
GenoDBupdates the database without human intervention and
the raw genotype data can be imported easily and continuously
and incorporated into the database during the genotyping pro-
cess that may continue over an extended period of time in large
projects.

Third, GenoDBprovides powerful genotype error detection
functions. Generally speaking, the genotype data obtained from
automated machines are not 100% accurate; therefore, geno-
type errors should be detected and corrected before the data can
be used for formal genetic analysis. There are several useful
mechanisms for detecting genotype errors in GenoDB. (1) Some
genotype errors may be suggested by the reports generated by
GenoDB(e.g., “redo,” “error report for auto-adjustment” [Table
1], and “statistical report of allele binning”[Table 3]). (2) Other
genotype errors may be indicated by our plotting technique for
visualizing allele binning (see section on auto-adjustment of frag-
ment length data across runs and across platforms, above). (3) In
conjunction with the PedCheck program (O’Connell and
Weeks 1998), most genotype errors should be detected.

Fourth, GenoDBcan process genotype data flexibly (see the
discussion of overall procedures, above). This feature lets the user
perform adjustment of fragment lengths, allele binning, and
Mendelian inheritance checking for some of the markers of some
of the collected pedigrees even if complete genotype data are
not obtained for the whole experiment. The flexibility of the pro-
cedure is helpful for arranging repeat experiments because one
can wait to perform them until a sufficient number of DNA
samples and markers are accumulated for repeating.

Fifth, GenoDBprovides a function to track electrophoresis
gel files. If an uncertain or erroneous genotype datum has been
detected, GenoDBlets the user easily trace back to the source of

Table 5. Procedures in Four-Cycle Genotyping

First cycle 1. Genotyping for all DNA samples
2. Importing genotype data into GenoDB
3. Detecting unresolved genotype data

(including both missing data and genotype
errors) by GenoDB

Second cycle 1. Re-genotyping for those unsolved
genotype data in the first cycle

2. Importing genotype data into GenoDB
3. Detecting unresolved genotype data by

GenoDB
4. Detecting inconsistent genotype data by

performing Medelian PedCheck
Third cycle 1. Re-genotyping for those unsolved and

inconsistent genotype data in the second
cycle

2. Repeating steps 2, 3, and 4 of the second
cycle

Fourth cycle 1. Repeating Steps 1, 2, 3, and 4 of the third
cycle

2. Unresolved genotype data are classified
into two categories: missing data and
mutations

Figure 4 Screen views of GenoDB’s user-friendly GUI. Plots (A), (B), (C), (D) and (E) are,
respectively, the actual screen views for the following modules: data loading, adjustment of
allele fragment lengths, allele binning, compilation of genotype data for Mendelian inher-
itance check for PedCheck, and the function of tracking the sources of genotype data and
CEPH control that runs on each gel.
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the raw genotype data in the original electrophoresis gel file. This
function is helpful and very important for directing repeat experi-
ments for those uncertain or erroneous genotype data.

Sixth, GenoDB offers a user-friendly graphical interface
(GUI) that renders it fairly easy to learn to use and to work with.

We chose to use MS Access as the platform for GenoDB
for the following reasons. First, MS Access is a commonly used
software. Second, it is easy to design a user-friendly GUI with
MS Access . Third, the cost for developing and using GenoDB
is low with MS Access as the platform. The capacity of MS
Access to manipulate large amounts of genotype data may
be a concern. However, as tested, GenoDBcan handle >500,000
genotype data at one time without any problem, although large
amounts of genotype data will result in longer computer time for
data manipulation. This capacity can easily handle almost all of
the linkage analyses conducted so far, or those being conducted
currently (e.g., Deng et al. 2001a), particularly when the whole
genotype data are divided in the management by chromosome

or by marker panel. In practice, because people usually perform
Mendelian inheritance checking, or other genetic analysis for
markers grouped by chromosome or panel, one may divide the
whole genotype data set into dozens of groups according to
chromosomes or panels. GenoDB handles only one such data
group at a time. This procedure may greatly enhance the capa-
bility of GenoDB in handling large data sets by breaking them
into smaller ones. In our project, we set up one GenoDBfor every
panel (28 panels total for the whole genome in the ABI PRISM
Linkage Mapping Set, version 2), so that the number of genotype
data that one single GenoDB deals with is usually <15,000.
GenoDBcan manage this amount of genotypes very efficiently.
Importantly, the modules and algorithms we developed here for
GenoDB can be extended to other database platforms, such as
the MS SQL server to handle data sets that are each >500,000.

Although GenoDBcan bridge the gap between genotyping
and final genetic analyses and greatly speed up genotyping, it still
depends upon other software, such as GENOTYPER, to obtain

Table 6. Cleaning Up and Improving Genotype Data by GenoDB for Three Marker Panels

Marker Total samples
1st Cycle

(unresolved/final)
2nd Cycle

(unresolved/final)
3rd Cycle

(unresolved/final)
4th Cycle

(unresolved/final)

Panel 18
D12S336 635 72/563 68/4 3/65 0/3
D12S345 635 20/615 15/5 8/7 0/8
D12S351 635 28/607 24/4 11/13 5/6
D12S368 635 25/610 21/4 0/21 0/0
D12S79 635 24/611 20/4 2/18 1/1
D12S85 635 24/611 20/4 0/20 0/0
D12S86 635 46/589 42/4 4/38 0/4
D12S99 635 73/562 69/4 3/66 0/3
D13S1265 635 28/607 24/4 3/21 0/3
D13S156 635 98/537 96/2 10/86 0/10
Subtotal 6350 438/5912 399/39 44/355 6/38

Panel 19
D12S310 635 144/491 138/6 18/120 0/18
D12S324 635 109/526 103/6 7/96 0/7
D12S326 635 24/611 18/6 3/15 0/3
D12S352 635 77/558 74/3 6/68 0/6
D12S364 635 145/490 142/3 10/132 0/10
D13S153 635 149/486 144/5 10/134 1/9
D13S158 635 94/541 92/2 10/82 1/9
D13S159 635 50/585 47/3 18/29 7/11
D13S171 635 68/567 62/6 4/58 0/4
D13S173 635 96/539 90/6 7/83 1/6
D13S265 635 82/553 82/0 3/79 0/3
Subtotal 6985 1038/5947 992/46 96/896 10/86

Panel 25
D19S210 635 121/514 41/80 2/39 1/1
D19S220 635 163/472 66/97 4/62 2/2
D19S221 635 149/486 63/86 16/47 4/12
D19S414 635 183/452 94/89 3/91 0/3
D19S420 635 147/488 39/108 2/37 0/2
D20S100 635 155/480 59/96 10/49 0/10
D20S112 635 122/513 15/107 0/15 0/0
D20S115 635 139/496 34/105 11/23 1/10
D20S117 635 124/511 22/102 0/22 0/0
D20S171 635 131/504 70/61 1/69 0/1
D20S196 635 133/502 29/104 4/25 0/4
D20S889 635 140/495 29/111 3/26 0/3
Subtotal 7620 1707/5913 561/1146 56/505 8/48
Total 20955 3183/17772 1952/1231 196/1756 24/172

“Unresolved” indicates that the genotype data errors have been detected but have not been corrected in this cycle. “Final” indicates the data
contributing to the final database in this cycle. In each cycle, the error detection mechanisms described in the text are used in the GenoDB.
The Mendelian inheritance check is also performed in second, third, and fourth cycle, but not in first cycle. After four cycles, unsolved data are
set as either missing data or mutation data, as described in the text.
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genotype data from automated genotyping machines. The
limitation of GENOTYPERis that quite a large degree of human
intervention is still required (Ghosh et al. 1997); therefore,
use of GENOTYPERis still relatively time- and labor-
consuming. A software program that could process electro-
phoresis gel files in an automated batch process without
much manual editing is desirable. TrueAllele (TA) (Perlin
1994, 1995; Cybergenetics 2000) is an example of software for
automated batch processing of genotype data, and Decode-
GT represents another effort at improvement (Pálsson et al.
1999). The combination of software that automatically pro-
cesses the electrophoresis gel files without much human in-
tervention and a well-designed genotype DBMS that auto-
matically and dynamically manipulates genotype data will be
highly desirable for high-throughput genotyping.

Availability of Software
GenoDB1.0 (beta version) is immediately available to academic
groups upon request by contacting J.-L.L. at j l lee@
creighton.edu.
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