
 10.1101/gr.8.6.644Access the most recent version at doi:
1998 8: 644-665 Genome Res. 

  
Michael C. Giddings, Jessica Severin, Michael Westphall, et al. 
  
Sequencing

 A Software System for Data Analysis in Automated DNA

  
References

  
 http://genome.cshlp.org/content/8/6/644.full.html#ref-list-1

This article cites 23 articles, 5 of which can be accessed free at:

  
License

Service
Email Alerting

  
 click here.top right corner of the article or 

Receive free email alerts when new articles cite this article - sign up in the box at the

 https://genome.cshlp.org/subscriptions
go to: Genome Research To subscribe to 

Cold Spring Harbor Laboratory Press

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from  Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/doi/10.1101/gr.8.6.644
http://genome.cshlp.org/content/8/6/644.full.html#ref-list-1
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.8.6.644&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.8.6.644.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=58174&adclick=true&url=https%3A%2F%2Fcellecta.net%2Ffxl-gen-scrn-genres-2606-728x90
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com


A Software System for Data Analysis
in Automated DNA Sequencing

Michael C. Giddings,1 Jessica Severin, Michael Westphall, Jiazhen Wu,
and Lloyd M. Smith

Department of Chemistry, University of Wisconsin–Madison, Madison, Wisconsin 53706 USA

Software for gel image analysis and base-calling in fluorescence-based sequencing consisting of two primary
programs, BaseFinder and GelImager, is described. BaseFinder is a framework for trace processing, analysis, and
base-calling. BaseFinder is highly extensible, allowing the addition of trace analysis and processing modules
without recompilation. Powerful scripting capabilities combined with modularity and multilane handling allow
the user to customize BaseFinder to virtually any type of trace processing. We have developed an extensive set
of data processing and analysis modules for use with the program in fluorescence-based sequencing. GelImager
is a framework for gel image manipulation. It can be used for gel visualization, lane retracking, and as a front
end to the Washington University Getlanes program. The programs were designed using a cross-platform
development environment, currently allowing them to run in Windows NT, Windows 95, Openstep/Mach, and
Rhapsody. Work is ongoing to deploy the software on additional platforms, including Solaris, Linux, and
MacOS. This software has been thoroughly tested and debugged in the analysis of >2 million bp of raw
sequence data from human chromosome 19 region q13. Overall sequencing accuracy was measured using a
significant subset of these data, consisting of ∼600 sequences, by comparing the individual shotgun sequences
against the final assembled contigs. Also, results are reported from experiments that analyzed the accuracy of
the software and two other well-known base-calling programs for sequencing the M13mp18 vector sequence.

[The sequence data described in this paper have been submitted to the GenBank data library under accession
no. AF025422]

Large-scale sequencing efforts have begun to ap-
proach the goals initially outlined for the Human
Genome Project (HGP). The project has as its goal to
map and sequence the entire human genome, con-
sisting of 3 billion bp of DNA, by the year 2006
(Smith and Hood 1987). The result of worldwide
finished sequencing efforts to date for all organisms,
as judged by the submissions to GenBank, is ∼1.26
billion bp (http://www.ncbi.nlm.nih.gov/Web/
Genbank/index.html; December 1997). The goals
set forth for the HGP, from the perspective of the
sequencing performed thus far, are ambitious. For-
tunately, the effort has stimulated extensive devel-
opments in automated technologies for sequencing,
which has resulted in a significant ramp-up in se-
quencing throughput, a trend that appears to be
continuing. Meeting the goals of the project will
require continued improvement of current tech-
nologies and the development of new ones.

The process of sequencing can be roughly di-

vided into three significant steps, each with its own
challenges (Smith 1993). These steps are commonly
labeled Front End, Separation and Detection, and
Back End. The Front End is where the molecular
biology occurs; its task is to prepare samples for elec-
trophoretic separation, most commonly using the
shotgun approach (Hunkapiller et al. 1991). The
Separation and Detection step uses a gel electropho-
resis instrument to separate fragments in the pre-
pared DNA samples. The data collected are passed to
the Back End, consisting of computer analysis, to
determine the nucleotide sequence of the input
DNA. In addition, there is often a fourth compo-
nent, the finishing process, that consists of a feed-
back loop from the Back End into the Front End to
provide closure for gaps after initial shotgun se-
quencing has occurred (e.g., see Fleischmann et al.
1995).

Significant strides have been made in all of
these phases of the sequencing process. Increas-
ingly, Front End steps are being automated by ro-
botic systems (Wilson et al. 1990; Garner et al.
1992). Gel separation technologies have been im-
proved constantly with the use of fluorescence-
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based sequencing in thin slab gels and capillaries
(Kostichka et al. 1992; Mathies and Huang 1992;
Carrilho et al. 1996; Swerdlow et al. 1997). In some
respects, Back End development has lagged behind
automation of the previous two steps, creating a po-
tential bottleneck in data flow and handling. One of
the reasons for this lag is clear; it is necessary to
develop the chemistries and instrumentation before
designing algorithms to process the output from
those steps. And good software design, particularly
when dealing with large amounts of complex data,
is not a rapid process.

The Back End covers a large territory of com-
puter analysis that occurs in obtaining finished
DNA sequence ready to be submitted to a database.
Significant steps in this process include lane finding
(for slab gel electrophoresis), base-calling, assembly,
and finishing. Much of the effort in developing the
Back End portion of sequencing has focused on the
latter two steps. Only more recently have published
works begun to significantly address the first two
steps, particularly for fluorescence-based sequenc-
ing, which has become the standard for genomic
sequencing (Giddings et al. 1993; Golden et al.
1993; Ives et al. 1994; Berno 1996; Cooper et al.
1996).

Our efforts to improve throughput and tech-
nologies in the Front End and Separation and De-
tection steps resulted in the development of several
generations of custom fluorescence-based gel elec-
trophoresis systems (Luckey et al. 1990; Kostichka et
al. 1992; M. Westphall, unpubl.). At the time of de-
velopment of the first of these, the only software
available for analysis of data from fluorescence-
based systems was bundled with a commercial se-
quencing system and was not readily adaptable to
analysis of data from our instruments. This
prompted the development of software for analysis
of the data produced by these machines. Because
the designs of the instruments were changing fre-
quently as a result of ongoing research and devel-
opment, it became clear that a flexible, modular ap-
proach to software design was needed that would
allow the rapid and easy customization of the analy-
sis software to a particular instrument or chemistry
without intervention of a programmer.

The initial results of this effort, primarily fo-
cused on the base-calling step, were promising (Gid-
dings et al. 1993). Two primary software packages
were developed as part of this effort. One package,
called GelImager, is aimed at gel image analysis. It
allows the viewing and manipulation of the electro-
phoretic image files collected from the electropho-
resis instrument, acts as an interface to the lane-

finding software Getlanes which was developed by
the St. Louis Genome Center (Cooper et al. 1996),
and allows the retracking of lanes determined by
that software (those who wish to use Getlanes need
to obtain permission from the authors of that pack-
age). A second software package, called BaseFinder,
is designed to process the trace files output by the
lane-finding module, performing analysis and base-
calling to produce a DNA sequence from them. The
latter program has been the primary focus of our
development efforts, and, therefore, is the most ex-
tensively described herein. Since the 1993 publica-
tion of the base-calling algorithm, an extensive ar-
ray of additional preprocessing modules and user
interface features have been implemented. Many of
the additions were made in response to the rigors of
testing in our early attempts to perform production
sequencing. We discovered that the first version of
the program, although working well for test se-
quences such as M13, was in need of substantial
improvement for use in genomic sequencing. We
found that especially critical to the effectiveness of
the base-calling process was the preprocessing of the
electrophoretic trace data. Also significant were im-
provements to the user interface and program
framework, including the script definition facilities,
to be described further below.

Another program developed during this period
by our group is MatrixFinder, which aids in the vi-
sualization and determination of multicomponent
separation matrices for multiple color fluorescence-
based sequencing (Yin et al. 1996). Since publica-
tion, the only changes to the program have been a
port to OpenStep to increase portability (described
below) and some user interface additions. Since the
time of that work further refinement of the multi-
component algorithm has been performed in an-
other laboratory (Huang et al. 1997). The program
will be described briefly below in conjunction with
the related multicomponent transform step that is
part of BaseFinder.

All of these programs and source code are avail-
able for free for noncommercial use. More informa-
tion can be obtained from our web site (http://
smithlab.chem.wisc.edu/Research/informatics.
html). They were developed using the OpenStep ob-
ject toolkit (http://www.enterprise.apple.com/
openstep). OpenStep consists of a complete set of
objects encompassing common user interface ele-
ments, data structures, and cross-platform distrib-
uted object communications. It acts essentially as a
layer-insulating program development from the
specifics of individual operating systems. As such, it
has provided the benefit of cross-platform deploy-
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ment as well as reduced programming and mainte-
nance overhead, particularly for the user–interface
portions of the programs. OpenStep run-times have
been developed for Windows NT and 95, Rhapsody
(Apple), and Solaris (SunSoft). The OpenStep/Solaris
run-time is not actively being promoted by Sun be-
cause of their focus on JAVA (http://www.sun.com/
java/). It was available for free in the past on their
web site but is no longer listed. Apple plans a ver-
sion of the toolkit to run on top of Mac OS 8.x, and
is also expanding the toolkit interfaces (application
programming interfaces, APIs) to provide complete
access from and integration with JAVA. A GNU
implementation of the OpenStep standard, called
GnuStep, is underway and making good progress
(http://www.gnustep.org). Once complete, the lat-
ter will provide further vendor and platform inde-
pendence for the software, and will provide an al-
ternative means of deployment on Solaris, an im-
portant target given that it is in use by many
genome-sequencing centers. We are working with a
GnuStep consulting firm to speed the deployment
of the programs in GnuStep on Solaris, and at this
time (March 1998) the work is nearly complete.

The remainder of this paper will describe GelIm-
ager and BaseFinder, covering the basics of the hu-
man user interface and discussing in more detail the
algorithms used, particularly in trace preprocessing.
The last section will discuss the results of applying
the software to several cosmid-sized sequencing
projects. This will include a discussion of the prob-
lems encountered and the software development
that will be required to achieve further automation
for hands-off processing. Also presented are results
of a comparison of BaseFinder’s processing and
base-calling with both Phred (Ewing et al. 1998) and
the software included with the ABI 377 sequencer
(Perkin Elmer Corp.).

GelImager—Gel Image Viewing and Manipulation

Program Overview and User Interface

GelImager arose from a need to inspect and manu-
ally find lanes on gel images derived from several
sequencing instruments developed in our labora-
tory. At the time it was created we did not have
access to automated lane-tracking software, and it
was necessary to have a means of deriving trace-file
information from the gel images produced by the
sequencing instruments developed in the labora-
tory. With the more recent incorporation of Get-
lanes, automated lane-tracking software developed
at Washington University (St. Louis, MO), GelImag-

er’s purpose has changed but it remains important.
It is now most commonly used to allow manual
inspection of the lane tracking performed by Get-
lanes to correct any mistakes. Although the Get-
lanes algorithm substantially reduces the time and
effort involved in deriving lanes from the gel, it gen-
erally does not perform perfectly on data from our
instruments, necessitating manual inspection and
correction afterward. Therefore, GelImager has been
tailored primarily to the task of inspection and re-
tracking of lanes on gel image files.

A second purpose for GelImager is in research,
development, and debugging of instruments or mo-
lecular biology techniques. In the course of such
work, it is crucial to have the ability to display the
complete results of a run for inspection. This can
provide a clear indication of problems with a sepa-
ration, such as lane wandering or failed reactions.
GelImager’s flexible viewing and manipulation of
gel image files works well for this purpose.

The user interface of the program is straightfor-
ward. Figure 1 displays a screen capture of the pro-
gram running in Windows NT with the two primary
windows displayed. The menus at the top of the
main window (on the left) provide standard opera-
tions such as file opening, saving, and window dis-
play. Several file formats can be read and saved to,
including the one produced by our current in-house
sequencing instrument (‘‘GELI’’ format), ABI gel im-
age format (no saving), tiff format, and the lmark
format produced by our port of the Getlanes pro-
gram. The main window displays a gel image file
that has been opened—only one at a time can be
viewed. This limitation is in place because of the
size of the image files; they can be up to 60 MB,
requiring a large amount of system resources. It also
simplifies program structure for both user and pro-
grammer to allow manipulation of only one image
at a time.

GelImager attempts to deal with the unwieldy
size of these files by accessing and drawing only the
data that are necessary for display to the user. This
provides for faster initial drawing of the image, but
causes a delay in scrolling up or down in the image
when expanded to full size. The file scanning and
drawing code has been optimized extensively. How-
ever, it greatly helps usability to have a computer
system available with physical memory greater than
the image size, and a modern fast processor.

The gel image is displayed using a false-color
scheme, which allows visual distinction of fragment
bands labeled with different fluorescent markers.
Data are collected by the sequencer at four wave-
lengths. Each of the four fluorescent markers typi-
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cally used has a unique spectral signature when
sampled across the wavelengths. The scheme for
displaying these is simple; the user can choose a
color to correspond to each wavelength. Each pixel
is displayed by mixing the four chosen colors in
proportion to the intensity of the light detected at
the corresponding wavelengths. Assuming a reason-
able choice of distinct colors, this makes it easy to
distinguish visually bands corresponding to the four
different dyes being used, as each dye presents a
unique color mix on the image. An alternative ap-
proach we have more recently explored is to apply a
multicomponent transform matrix (Frans and Har-
ris 1985) to the gel image itself. Normally, this trans-
form step is applied during trace processing, as will
be described below. Applying it at this step has the
effect of resolving individual dye intensities (and
therefore concentrations) directly; however, the
problem remains that a mapping must be made

from the four-component dye in-
tensity space to a three-compo-
nent RGB space. This is done by
assigning different RGB colors to
each of the four markers (e.g., red,
green, blue, yellow) and mixing
them according to intensity of the
corresponding marker signal. The
primary advantage of the multi-
component scheme is that it tends
to make the band colors more vi-
sually distinct than is usually
achieved with the false-color
scheme. It is also anticipated that
this may aid the automated lane-
finding process, but we have not
yet had the opportunity to fully
test this hypothesis.

Lane-tracking marks can be
added, deleted, and manipulated
in the main window in GelImager
using the mouse pointer. Lane
marks are normally displayed as a
single line, containing an arbi-
trary number of inflection points,
down the center of the marked
lane as displayed in Figure 1.
Clicking on a lane marker high-
lights it, causing it to be displayed
with two parallel lines indicating
the lane delimiters, along with the
line indicating the center. Inflec-
tion points can be added, moved,
or deleted to allow for variations
in the lane. An entire lane can be

deleted by first highlighting it, then tapping the de-
lete/backspace key. New lane marks can be added by
holding down the control key, which causes a ver-
tical line to appear that follows the pointer. Subse-
quent clicking of the pointer button causes the line
to be placed at the present location. These features
allow the easy loading and correction of lane marks
produced by Getlanes or other automated lane-
finding programs.

Using a distributed client/server approach, Ge-
lImager acts as an interface to Getlanes. We have
used the source code for Getlanes and wrapped it
inside an object-oriented interface. This interface is
then made available as a server to the network
through a simple program that can be run on any
system having Portable Distributed Objects or
OpenStep installed (Apple Computer, Cupertino,
CA). This server then accepts requests from remote
objects, which can be on a physically distinct ma-

Figure 1 A screen capture of the GelImager program running in Windows
NT. The left window is the main gel image view, displaying an image col-
lected from the scanning electrophoresis system developed in our labora-
tory, with lane marks superimposed on lanes as determined by Getlanes, and
then manually edited. The vertical dimension in the image corresponds with
scan number (run-time), with earlier scans toward the top. The horizontal
dimension corresponds with intensity values collected on a scan by the
optical system across the gel plates. The lane fifth from the right of the
window is shown selected, with two lane delimiter lines and several inflec-
tion points that can be adjusted to follow curves in the lane. The right
window is the main control panel. It provides for adjustment of items such
as color mapping (color wells near top), data display normalization (central
position), and image size scaling in the gel view window (values near the
bottom). It also shows the position of the cursor in the window (x: and y:),
and the intensity values at the cursor position (the numerical values next to
the color wells).

BASEFINDER: SOFTWARE FOR AUTOMATED DNA SEQUENCING

GENOME RESEARCH 647

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


chine or in a different process/task space in the same
machine, processes each request, and outputs a
lmark file as the result. When completed, it mes-
sages GelImager that the result is available and can
be displayed. One of the reasons for implementing
it in this distributed fashion is to allow a single com-
puter to be set up with a fast processor and large
memory, and any number of clients running on less
expensive systems to easily access its services. Also,
for a high throughput sequencing environment,
this approach makes it straightforward to distribute
the compute load among a number of machines to
reduce processing bottlenecks. Furthermore, it is
planned that this approach will facilitate the inte-
gration of Getlanes with a distributed, object-based
laboratory information management system that is
under development.

After lane finding has been completed (manu-
ally or automatically) and the results inspected,
each lane is extracted by GelImager into an indi-
vidual ‘‘trace’’ file. The trace is an intensity versus
time (i.e., scan number) profile from top to bottom
of a lane along the tracking line. It is derived by
averaging each row of intensity values within a lane
boundary into a single value for each wavelength.
Therefore, each row within a lane marker boundary
produces four intensity values at the corresponding
time value (scan number) in the trace file. The result
is a chromatographic style profile of the data within
a lane. It should be noted that there is the potential
for information loss in this process, illustrated by
the fact that if a lane profile is too wide, resolution
is lost, and if too narrow, the signal-to-noise ratio is
lowered. These trade-offs are attributable to the of-
ten nonideal band profiles present in the data, and
the fact that strictly horizontal integration does not
account for such variations. Alhough this is a legiti-
mate concern, at the present time enough advan-
tages are gained by reducing the data to a more com-
pact form that it is the standard for automated se-
quencers. Advantages include reduced storage
requirements, enhanced visualization, and de-
creased signal processing time for steps such as
noise filtering and deconvolution (described be-
low).

The control window (Fig. 1, right window) al-
lows adjustment of several parameters for both
viewing and lane manipulation. Four color wells at
the top of the window allow control over the map-
ping between wavelengths detected and the colors
displayed, as described above, and the boxes next to
the color wells display intensity values in the four
channels for the last point in the image that was
clicked on. The window also allows control over the

lane width, image size (both vertical and horizontal
scaling), reading direction (top to bottom or bottom
to top), and adjustment of the upper and lower in-
tensity thresholds for display of the image.

Getlanes is accessed by selecting Getlanes under
the Tools menu. This displays the Getlanes param-
eter panel. The panel allows the specification of a
gel file upon which the Getlanes process will be in-
voked, the output path for the resulting lmark (lane
marker) file, the host upon which to queue the job
(on which a Getlanes server process must be run-
ning), and parameters for aspects such as boundary
determination method and algorithm type. Also, it
allows control over some additional preprocessing
functions added by us to enhance the performance
of Getlanes, which consist of two different types of
convolution operations: one using a Gaussian for
bandpass filtering, and the second using a ‘‘Mexican
Hat’’ filter for edge enhancement.

GelImager is a simple but useful tool for inter-
active editing and manipulation of gel image files. It
is our goal that this program be eventually phased
out and replaced by fully automated lane-finding
software; however, that has not yet arrived, making
this software an important component of the se-
quencing process in slab-gel-based systems.

BaseFinder—Trace Analysis and Base-Calling

Program Overview and User Interface

The BaseFinder program was designed to accept
multispectral trace data, collected on fluorescence-
based sequencing instruments, to process the data
through a set of processing tools, and then to allow
saving of processed traces and/or sequences. Each
‘‘trace’’ corresponds to a single lane on a slab-gel or
a single capillary, and represents the intensity pro-
file versus time of the labeled DNA fragments being
separated in that lane.

BaseFinder can read and write trace data in a
number of formats. Formats it is capable of reading
are SCF (Dear and Staden 1992), ABI 373 and 377,
tab-delimited text, binary floating point, and our
own ‘‘lane’’ format. It can write processed traces to
SCF, lane, tab-delimited text numbers, and raw bi-
nary floating point. Sequences can be saved directly
in text form (similar to ABIs format) or to FASTA
format. Collections of files stored within a directory
can be saved and loaded in aggregate to allow
simple multitrace processing.

The program itself does no processing of the
data. All processing is done through tool modules
that are developed separately from the program and
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then loaded (linked) at run-time. This allows a great
deal of flexibility for the types of processing and
analysis that can be done. The program acts as a
framework for interaction between the user, the
processing tools, and the data. It has user interface
features that allow data manipulation and viewing,
control over parameters used by the tools in pro-
cessing data, and the definition of scripts that
specify the complete set of steps for processing data
from particular instrument configurations. Once a
script is defined, it can be saved and then recalled
later for application to trace data from another lane
or a whole group of lanes at one time.

An overview of the user interface of the pro-
gram is shown in Figure 2 (with the program run-
ning on Openstep/Mach), with five windows and a
menu. The largest window is the main program win-
dow. This displays the trace data, allowing adjust-
ment of a number of parameters controlling its dis-
play. These parameters include control over both
horizontal and vertical scaling of the data, how

many panels the data set is broken down into for
simultaneous viewing of subsequent trace seg-
ments, assignment of color to the different trace
channels, and which data channels or base labels
will be displayed. The window also has several track-
ing options (top left) that display the specific base
and data values at any point clicked on by the user
with the mouse. The panels displaying segments of
trace data can be set to display tick marks with base
number or data point number at their top. Base la-
bels are placed below the traces, and the color as
well as label used can be adjusted by the user.

On the Windows platform, all menus are asso-
ciated directly with the main trace display window.
On the Mach platform, the menu is floating to the
left of the window as in the figure. The menu pro-
vides actions such as loading/saving data, printing,
control over which windows are being displayed,
setting of preferences, and how the data will be
scaled for viewing.

The small window on the lower left of Figure 2

Figure 2 A screen capture of the BaseFinder program with all primary user interface elements displayed. (See text
for a detailed description.)
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is the multilane manager window, which displays
the file names of all currently open lane files. To the
end user, these files all appear to be ‘‘loaded’’ into
the program, and clicking on any one of them in the
list displays the corresponding trace in the main dis-
play. However, for reasons of memory efficiency,
only one actual data set is resident in the program at
any one time. The primary purpose of this window
is to allow the application of program operations to
any arbitrarily large set of trace files. Such opera-
tions include saving, processing, and base-calling.
Multiple traces are selected for such operations by
holding the shift key while clicking on several dif-
ferent trace names, or by clicking on one and drag-
ging upward or downward in the list with the but-
ton still pressed.

Overlaid on the top of the main window in this
figure is the base sequence panel. This displays the
list of base label assignments for the trace, as well as
their associated confidences and data point posi-
tions. If a base in this list is clicked on by the user,
that base is highlighted in the main window so its
position in the trace can be ascertained. Likewise, if
a base label is clicked on in the main window, the
corresponding base in the panel is highlighted.

The scripting window is located to the upper
right of the main window. This provides access to
one of the most useful features of the program. As
mentioned, the program does not itself do process-
ing or analysis. Instead, this is done through load-
able tool modules that have a well-defined, object-
oriented API. The scripting mechanism provides a
means by which a sequence of tool-based processing
steps can be applied to the data in an automated
way. It functions similarly to a macro in common
spreadsheet programs.

A script is defined by initially processing a data
sample (trace) manually. Tools are selected from the
tool window menu, parameters are adjusted for
each tool, and they are applied to the data. The ef-
fects on the data are observed in the main window,
and if unsatisfactory because of incorrect param-
eters or some other problem, undo can be selected
from the Edit menu. Alternatively, the previous step
in the processing can be mouse-selected in the script
window, in which case the data will revert to dis-
playing the state at the selected step. In fact, the
user can select any step listed in the scripting win-
dow, and the data main window will display the
state of the data at that particular processing step.
This provides the ability to step through a script and
learn what each tool and parameter combination
does to the data.

There are several actions that can be performed

to modify a script if necessary. A particular step can
be selected, and a different processing tool can be
selected to replace it in the script, parameters can be
changed for the existing tool in the script, or the
step can be deleted from the script. A new step can
be appended after the selected step or inserted be-
fore the selected step. In addition, there is an option
to allow the selection of steps in the script without
synchronizing the data in the main window. This is
useful for experienced users who wish to step back
in a script and observe parameters used without
having the overhead of recalculating and displaying
the data at the corresponding steps. A recent change
to the program has been moving the data process-
ing into an execution thread separate from the user
interface. This means that the user interface is not
tied up, and therefore, still responds to the user,
when the program is processing data. This is useful,
but it can be confusing to the user because there is
a delay between the time at which a step in the
script is clicked on and the time at which the data is
processed and displayed for that step. To rectify this,
a blue triangular indicator is shown next to the
name of the currently displayed step in the script,
and a black one next to the current step in process-
ing. By indicating progress in this way it helps ori-
ent the user as the interface it is no longer inher-
ently synchronized with the state of processing.

To avoid excessive recomputation times when
stepping back and forth through a script, a data-
caching mechanism has been implemented that can
be used by the more time-consuming steps such as
deconvolution (described below). To explain how
this is implemented a brief overview of the object
structure of the program will be needed. At the same
time this will provide a useful reference for those
interested in further implementation details.

The program framework is implemented in Ob-
jective-C, a small and simple set of extensions to the
C language providing a dynamic, object-oriented
language. Objective-C provides dynamic, run-time
binding (late binding) of object messages, which al-
lows new class frameworks and object instances to
be added to the program at run-time or after it is
already running. Objective-C also allows polymor-
phism, where a message (similar to a function/
procedure call in procedural languages) can be sent
to any object the sender is aware of that responds to
the specified message, regardless of the receiving ob-
ject type or inner workings.

Tool modules that are loaded into the program
use both of these features. They must respond to a
given set of messages, as defined by the API, to in-
tegrate into the program. These messages consist
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primarily of tasks related to getting data into and
out of the tool, telling the tool when to process the
data, and storing of parameter values in a defaults
database. A tool can be of any class as long as it
adheres to this API (this is polymorphism). How-
ever, to ease the implementation burden, several
classes that define the basic common functionality
necessary for most tools are already implemented in
the program (GenericToolCtrl, GenericTool, Re-
sourceTool, ResourceToolCtrl). New tools can then
be made to inherit from these, and need only to
implement additional behavior that is unique to the
tool.

This leads back to the caching example. By de-
fault, the tool superclasses do not cache the data.
They implement a method shouldCache: that re-
turns a NO value by default to the scripting mecha-
nism. This means that each time the step is per-
formed in a script, the tool’s standard apply:
method is called and its action performed on the
data. However, a tool can easily override this by
implementing a method shouldCache:, thereby
overriding the superclasses method to return the
value YES (YES and NO are standard 1/0 truth values
defined in Objective-C). Then instead of being sent
an apply:, the results of the previous apply: will be
cached and reused.

There are two general types of tools defined by
the provided tool superclasses. The first is a generic
tool that simply uses a set of parameters input by
the user to process the data in some way. As with
any tool, the parameters chosen by the user are
stored in a script as it is defined. A more complex
type of tool is called a resource tool. This type of
tool is designed to manage sets of more complex
parameters (resources) than would typically be en-
tered by hand, such as multicomponent transform
matrices. The basic resource tool functionality in-
cludes a menu for organizing and accessing the re-
sources, and a means for saving, deleting, and cre-
ating resources. Of course, the specific functional-
ity, such as the type of resource being manipulated,
must be defined by the tool itself.

The program allows the saving of defined
scripts, and later recall of a saved script for applica-
tion to a single or multiple lanes of trace data. To
make this useful, tools are generally defined with as
much flexibility as possible. This allows a tool to be
included in a script that can be applied to a variety
of data while still providing useful results. The de-
tails of a number of tool implementations will be
provided in the next section.

One final aspect of the program structure worth
noting is that a command line interface has been

created, allowing the program to be used remotely
through a telnet session, or incorporated in a shell-
script. Much of the command line functionality
mirrors the graphic user interface (GUI) functional-
ity described above, allowing access to tools, scripts,
and data, and application of scripts to data. It is not
particularly useful for defining scripts, but once
they have been defined and saved, they can then be
accessed and applied to data this way.

Data Analysis Methods: Tools

Typically in fluorescence-based sequencing, data go
through a number of processing steps before base-
calling occurs. The processing steps act to transform
the data set so that it is presented to both the user
and/or base-calling algorithm in the standard pro-
cessed trace format. This format consists of four
channels of information, each channel a time series
of dye concentration values (e.g., Fig. 3D). Bases are
indicated by the presence of peaks in any of these
four channels. The specific base is indicated by
which channel a peak appears in. Although this is
an easy form for the data set to be analyzed and
visualized in, it requires substantial processing to
effectively get it into this format from its original
raw format created by selection of a lane on a gel
image.

There are a variety of techniques that can be
used to perform preprocessing of the trace data.
From time to time new techniques are developed
that need to be added to the program. For this rea-
son, BaseFinder was designed so that tools can be
developed separately from the main body of code
for the program, and then added at run-time. The
set of tools currently being maintained by our group
for use with BaseFinder is summarized in Table 1.
These tools reflect the common processing steps
currently in use in the laboratory for analyzing data
from both a commercial sequencing system (ABI)
and an in-house scanning fluorescence-based se-
quencer. The details of the processing that these
tools perform will be presented here roughly in the
order that they are typically applied in the lab in
scripts we have developed. Figure 3 shows a section
of a typical trace before and as it undergoes the fol-
lowing described processing steps.

Preprimer Data Removal

In the typical sequencing run, data set collection
begins soon after the sample is loaded and electro-
phoresis begins. Data collected before the first por-
tion of the sample arrives at the detection region
generally contains little useful information. In fluo-
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rescent primer-based sequencing, the first portion
of the sample that arrives at the detector is the
‘‘Primer Peak’’ because it contains dye primer mate-
rial that is not attached to newly synthesized DNA.
It is usually the largest and widest peak observed in
the data stream, and thus can be easily recognized.
Sequence data generally follows immediately after
the primer peak.

It is useful for later processing to remove all data
before the primer peak. This reduces the total quan-
tity of data that must be processed, and it increases
the accuracy of steps that perform automatic cali-
brations by removing data that does not contain
any sequence information. A tool has been designed
to locate the primer peak and remove all data before
it. It works by searching for the largest peak in the
data, and can be set to look for this in all data chan-
nels or in a single channel. Generally the primer
occurs in all four channels, but the ability to use one
channel only is good for cases such as an experi-
ment with less than four fluorescent markers. The
routine then finds the subsequent minimum in
each of the four channels from the location of this

maxima, and deletes all data before the farthest
minima of the four channels from the location of
the maximum. The only user-settable parameter for
this tool is the choice between locating the primer
peak in all channels or only one channel.

This algorithm does not work for dye termina-
tor data, as there is no primer peak to detect. An
alternative in that situation is the manual deletion
tool, described below, which will perform a data
cutoff at a fixed location. This should work ad-
equately as long as the run conditions are kept con-
stant, which in our experience will result in the
fluorescence data starting consistently near a given
point in the run. For a situation where the fluores-
cence data begins at a variable location from one
run to the next, a new tool could be developed that
detects the point at which significant fluorescence
signal has emerged from the background and re-
moves all data preceding that point.

Baseline Adjustment

Fluorescence from the polyacrylamide gel, ‘‘junk’’
in the sequencing reactions, and glass plates causes

Figure 3 Shown is a short region of trace data extracted from an M13mp18 sequencing experiment performed
on the scanning electrophoresis system developed in our laboratory. The data are shown in four different subse-
quent states of processing: (A) ‘‘raw’’ data as it looks after extraction from a lane by GelImager; (B) data after
multicomponent transformation and noise filtering; (C) data after the addiction of a deconvolution step; and (D)
data after the addiction of a polynomial mobility-shift correction, histogram cutoff adjustment, normalization, and
base-calling.
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a substantial background signal to be observed in
the data. This background signal can vary slowly
with time. It is useful to remove this background
and normalize the baseline before further process-
ing occurs.

A tool has been implemented to perform back-
ground subtraction to remove these effects. It works
by searching for the minimum signal intensity in
successive windows of size n, where n is user select-
able. It uses a linear interpolation between these
minima found in successive windows, subtracting
the resulting line connecting the adjacent minima
from each data point between them. It does this in
a piecewise fashion for each n point window in the
data set. The parameter n, entered by the user, rep-
resents the minimum scale at which baseline varia-
tions are removed. Typical values used for n are 50–
100, corresponding to ∼1 min of data collection on
our in-house sequencer. It is important to note that
the window n must be set larger than the width of
any of the expected peaks (including multiplet
peaks) to avoid removal of desired signal data. In
our experience this has not been a problem with the
parameters specified above. The method works well
for a wide variety of data sets. The window size is the
only parameter for this tool.

Noise Filtering

Various aspects of both the separation instrument as

well as the detection apparatus generate small
amounts of noise in the data. This noise is particu-
larly observable in the later portions of a data set
where the signal from the sequencing reactions has
substantially dropped off giving the noise a larger
relative effect. It is useful to remove this noise to aid
in subsequent processing and analysis. For this pro-
cessing step, a tool that implements a Gaussian con-
volution is used. In effect, the convolution performs
a weighted averaging of each point with its neigh-
bors, that weighting function being provided by the
Gaussian (equation 7, below). Essentially this per-
forms a ‘‘blurring’’ of the data. To not average the
data excessively, which would reduce interpeak
resolution, a narrow Gaussian is used. Typically, the
width parameter (s) is chosen in the range 1–1.5,
meaning that the range of the blurring is only a few
points wide. A typical peak attributable to a frag-
ment population in the data is in the range of 7–12
points wide, therefore a filter with such a narrow
width does not cause excessive resolution loss. This
tool tends to be quite effective at eliminating noise.

Some have suggested the use of a fast Fourier
transform (FFT) to perform this filtering step. How-
ever, convolution with a Gaussian is an equivalent
operation to applying a bandpass filter in the Fou-
rier domain, which multiplies the frequency spec-
trum of the data set against a filter of Gaussian form
with its origin at zero (Mathews and Walker 1970).

Table 1. Commonly Used BaseFinder Tools and Typical Parameter Values

Tool name Tool function Typical parameter values

ToolDeletePrimer2 deletes all data before dye
primer

none

FittedBaselineAdjust removes baseline drift width = 75
ToolMatrix2 transforms data from spectral

to dye concentration
matrix appropriate for dye and

instrument combination
ToolConvolve smooths data to reduce noise s = 1.5; M = 10
DeconvolutionTool improves resolution by

reducing band spreading
iterations = 5, a = 0.25,

spread function polynomial
based on typical data

ToolManualDeletion removes selected regions of
data, e.g., at end or
beginning

none

ToolMobility3 corrects polynomials for data
shifts due to dye mobility
differences

shift values appropriate to dye
set

ToolNormalize2 normalizes peak heights none
ToolCutoffHisto Removes highest and lowest

points from the data to
improve normalization

threshold = 2%

ToolBaseCalling labels peaks with base-calls see text
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The only anticipated advantage to performing this
step using FFT is the ability to set the filtering pa-
rameter based on a specific frequency, as opposed to
width. However, in this case it does not seem that
frequency is a substantially more intuitive param-
eter to use. Another possible filter method, which is
in common use for spectroscopic applications, is
that proposed in Savitsky and Golay (1964). This
technique uses a convolution with a function that
has the effect of approximating a localized least-
squares fit. However, we have not yet experimented
with this filter enough to warrant reporting on its
usefulness for this application.

The parameters for this tool are s, the Gaussian
width, and W, the width of the window within
which this Gaussian is applied. The latter is neces-
sary because the Gaussian function has area (albeit
very small) distributed to 5infinity on the x-axis, so
some cutoff must be used or it would be a nonter-
minating computation. Typical W values are 10–20
points.

Multicomponent Transformation

This step is one of the more important of those per-
formed in preprocessing. The data collected is four
channels representing spectral intensity, with each
channel containing detected response values at a
given wavelength, with four total wavelengths at
which samples are collected. However, for analysis,
the data are simpler to work with if they are trans-
formed to represent the dye-linked DNA fragment
concentration versus time for each of the four dif-
ferent dyes, with one channel per dye. The process
of multicomponent transformation uses a specified
4 2 4 transform matrix that, when multiplied
against each four-point vector of spectral data, re-
sults in a four-point vector of dye concentration
(Frans and Harris 1985; Smith et al. 1987; Giddings
et al. 1993). The BaseFinder tool implemented to
perform this (ToolMatrix-2) consists of two modes:
matrix definition and matrix application to data.

Matrix definition can occur in one of several
ways. The theoretically ideal way is to know the
exact spectral characteristics of each dye being used,
as well as the excitation and detection properties of
the sequencing system, and to use these values to
create a 4 2 4 matrix of dye intensity versus detec-
tion wavelength values. This matrix is then inverted
numerically and can be applied to the data.

In reality, this technique is not altogether prac-
tical because of the large time investment involved,
and the existence of easier techniques resulting in
equivalent performance. One of the alternate tech-

niques is to use a typical data set as input to the
MatrixFinder program, which determines automati-
cally the best separation matrix. The algorithm that
this program is based on was described by us in a
separate publication (Yin et al. 1996). This program
outputs a matrix that can then be used by BaseFind-
er’s matrix application tool. More recently, Huang
and colleagues (1997) described a means of quickly
pinpointing the best matrix for any given data,
given a reasonable initial estimate. This method ap-
pears to be intended to give better dye separations
by tailoring the matrix for optimal application to
each individual data set. We have not yet attempted
to incorporate the technique, but implementation
as a tool for BaseFinder appears to be straightfor-
ward.

A third method for matrix definition is to use
the manual definition mode built into the Matrix
tool for this purpose. This mode provides a facility
for the user to select peaks in the spectral trace data,
corresponding to known base labels, by clicking on
them. The four spectral values at each selected peak
are entered into a table along with the known base/
dye label for the peak. The user must select at least
one peak corresponding to each base (dye) present
in the run. After selection of peaks has been com-
pleted, the spectral values for all peaks selected cor-
responding to each dye/base label are averaged to-
gether, and entered as a column in a 4 2 4 matrix.
The resulting matrix is then numerically inverted
and applied to the data set or stored for future use.
This manual peak selection technique was in use
before the automated algorithm was created, but is
more tedious and not necessarily more accurate,
and therefore is little used at present.

Currently, the most common technique used
for matrix definition is application of MatrixFinder
followed by manual fine tuning of the transform
vectors to best align with the data clusters visually.
The program allows the loading of four-column
text-based tabular trace data, the visualization of
three of its columns at a time on a pseudo three-
dimensional display, and visualization of the asso-
ciated vectors that the matrix-finding algorithm
produces. In a typical display there will be several
data clusters, each representing the spectrum of a
particular dye, as shown in Figure 4. The coordinate
system can be rotated arbitrarily using the mouse in
the main window to allow for optimal viewing of
the distinct clusters in a data set.

The goal is to produce vectors that best fall in
the centers of these clusters. The automated algo-
rithm does a good job of finding these, but manual
tuning can often improve them by accounting for
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noise or other effects that cause nonsymmetrical
distributions. Once the vectors are determined and
fine-tuned, a corresponding matrix can be saved by
the program, which can be used directly by Base-
Finder’s multicomponent tool.

Using BaseFinder’s multicomponent tool to ap-
ply the resulting matrices to data is straightforward.
The tool shares in common the functionality de-
scribed for resource tools above. It allows the selec-
tion of any stored matrix from a menu of those
stored in one of several predefined locations. It also
allows renaming of matrices and deletion of matri-
ces. Scripts defined that include this tool store a
specification for the matrix name to be used as part
of the script.

Two additional options provided by this tool
are the ability to normalize the matrix before appli-
cation and the option to remove all negative peaks
after transformation of the data. Normalization sim-
ply finds the maximum diagonal value and normal-
izes all matrix entries by the multiplier necessary to
make the largest entry have a value of one. This

helps preserve the intensity values through the
transformation process on roughly the same scale.
Removal of negatives is important if there is either a
slight imprecision in the transform matrix, or if
there are spectral components present that are not
accounted for by the matrix (e.g., because of noise
or extraneous fluorescence), as transformation in
such a case will often produce values falling below
the baseline. This undesirable effect can be compen-
sated for by removing all data below baseline. How-
ever, caution must be used in doing this, as it can
not compensate for a poorly formed transform ma-
trix. It is best when applying a new matrix to first
look at the data without negative removal, and if
there are regular dips below the baseline in one of
the channels, this indicates a potential problem
with the transform matrix that should be fixed be-
fore proceeding. If this is not observed, and assum-
ing other aspects of the transform look good such as
little overlap among distinct peaks, then negative
removal can be turned on and the tool incorporated
in a script.

In sum, the tool’s parameters are choice of
transform matrix, negative peak removal, and ma-
trix normalization. Figure 3B shows a section of
trace data that has undergone the noise filtering
step followed by multicomponent transformation.

Deconvolution

The electrophoretic separation used in DNA se-
quencing introduces an effect called zone broaden-
ing (Giddings 1991). This effect reduces interpeak
resolution by widening the fragment populations
during separation. The zone-broadening process is
generally equivalent in effect to convolution with a
Gaussian-based function (one that is substantially
wider than the Gaussian used for noise filtering de-
scribed above). The reduced resolution attributable
to band spreading causes reduced accuracy in base-
calling. The effect becomes more prominent as the
electrophoresis time increases, thereby contributing
to the difficulty of accurately base labeling the later
portions of data collected from a sequencing sepa-
ration.

The deconvolution process partially reverses the
effects of band spreading, thereby increasing reso-
lution and base-calling accuracy. The process is sen-
sitive to noise, and if overapplied can result in the
appearance of false peaks, so it must be used with
care. There are several ways of implementing decon-
volution. For the deconvolution tool in BaseFinder,
an iterative relaxation method (Jansson 1984; Bar-
bee et al. 1995) was used because it is straightfor-

Figure 4 A simulated three-dimensional display of
multispectral data as shown in MatrixFinder. The black
lines are the x, y, and z axes. Each axis represents in-
tensity at different detection wavelength. The dots are
data points from a section of trace data plotted in the
coordinate system, using three of the wavelength in-
tensity values from each. In the MatrixFinder program,
the display can be adjusted so that arbitrary axes cor-
respond to arbitrary wavelengths, allowing viewing of
the data in several different coordinate systems to com-
pensate for the inability to display four dimensions at
once. The four colored lines are the vectors found by
the matrix-finding routine, representing the four prin-
cipal dye spectra in the data. These are used directly as
entries in a matrix for BaseFinder’s multicomponent
transform tool.
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ward to implement. This approach requires an ac-
curate model of the spread function s as a function
of time. Given such a model, the program attempts
iteratively to estimate an ideal data set I, that when
convolved with the spread function, results in the
actual observed data set S.

In effect the deconvolution process is equiva-
lent to performing a matrix inversion. The band
spreading process can be described by

SY = MIY (1)

where the observed and ideal signals have been rep-
resented as vectors, and the matrix M is a matrix
with each row i consisting of the spread function
corresponding to sample i in the collected data. The
deconvolution then works to essentially perform
the following inversion:

IY = M−1 SY (2)

The key is the derivation of an accurate matrix M11.
There are problems with doing it directly. It is a
large, sparse matrix, so inversion is both time con-
suming and unstable. To get around this, the itera-
tive approach is taken that was referred to above.
This can be represented by

IYk + 1 = IYk + l~SY − MIYk! (3)

where

IY0 = SY (4)

The term (SY 1 MIYk) is the difference between
the observed data and the modeled data at iteration
k. The value of I on successive iterations is deter-
mined by adding the error from the previous itera-
tion to its value at the previous iteration. However,
this can result in nonphysically possible negative
numbers, and can also cause oscillation because of
overshoot of the correct values. To avoid this, a re-
laxation function l is introduced. This function
guides the solution away from negative or exces-
sively large values. The value of l at point i in the
data is given by

li = 1 − e−S Iki

aSmax
D (5)

For each data point i, the error component of
equation 3 is multiplied directly by each li value. It
is important to note that this is not a dot product. a

is a parameter that controls the strength of the re-
laxation effect, and Smax is the maximal data value
from S.

The zone-broadening function is not constant
across a run—it changes with sample elution time.

This means that the matrix M has an entry in each
row representing the jth zone-broadening function,
and each column i corresponds to a particular
sample number (elution time) in the input data. For
DNA separations in polyacrylamide gel electropho-
resis, a reasonable approximation of the zone-
broadening function is a symmetrical Gaussian
(Vohradský and Pánek 1993), in which the width of
the Gaussian is the parameter that varies with
sample number. In this case the matrix M has the
elements

mij = Ajgij (6)

where

gij = e S−~i−j!2

s~j!
D (7)

and

Aj =
1

(
i=1

n

gij

(8)

Here gij represents the Gaussian zone-broadening
function, and Aj normalizes each zone broadening
function to an area of one, which causes area to be
preserved in the data at each iteration (Barbee et al.
1995). The function s(j) determines the amount of
zone broadening that occurs as a function of sample
elution time. Ideally it would be good to utilize a
theoretical treatment to obtain this function. How-
ever, the theory of PAGE is very complex, making
this a difficult task. Another approach is to model
the function based on empirical measurements of
peak spreading that occurs. We obtained data from
several sequencing instruments and collected sets of
Gaussian peak-fit data for these utilizing a nonlinear
fitting function in Mathematica (Wolfram Research,
Champaign, IL). Study of these data indicated that
the zone-broadening function was nearly linear in
the range from 0 to 1000 bases (∼9500 data points at
6 sec/point) and could be modeled in a straightfor-
ward way with a polynomial function given by

s~i! = a + bi + ci2 (9)

The constants a, b, and c are determined empiri-
cally, on the basis of a best fit to measured spread
widths in an actual data set. To facilitate creation of
the band-spreading function, a separate tool for
BaseFinder was developed that provides a mecha-
nism where peaks in the data can be selected by the
user, and a Gaussian is fit to the selected peak to
provide a s value for the peak. Doing this multiple
times, a table of values is created for position (time)
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versus s, and after a sufficiently representative
sample has been selected, a least-squares fit is per-
formed to determine the parameters a, b, and c. It
appears that for a given instrument configuration
this calibration does not change substantially from
one run to the next.

The deconvolution tool has as its parameters
the coefficients of the spreading function, as well as
a and the number of iterations to be performed.
Ideally it is best to choose a small value for a and a
large number of iterations. However, each iteration
involves a large number of computations, and
therefore, is time consuming. By fine-tuning the pa-
rameters, a good balance can usually be achieved.
Commonly used values for processing data from our
in-house slab gel sequencer are a = 0.25 and five it-
erations, which is often applied twice with an inter-
vening noise filtering step. Figure 3C shows a sec-
tion of trace data after typical deconvolution pro-
cessing has been applied.

As a note, another approach to this process was
proposed in Ives et al. (1994). Called Blind Homo-
morphic Deconvolution, this approach does not re-
quire knowledge of a specific zone-broadening func-
tion in advance of application, which is what the
‘‘blind’’ term refers to. We have not yet tested this
technique in our laboratory, although it looks use-
ful because it does not need any advance calibra-
tion.

Dye Mobility-Shift Correction

In multicolor fluorescence-based sequencing, the
dyes used to mark the DNA fragments (either by
primer or terminator linkage) affect the mobility of
the DNA fragments as they migrate through the
polyacrylamide gel. These mobility effects are dye
specific. This results in a mobility shift, where two
different fluorescently labeled DNA fragments of
equal size migrate at slightly different rates and
therefore, are shifted with respect to one another at
detection by a small time Dt. On the basis of obser-
vational experience, this mobility shift is generally
nonlinear in effect. The nonlinearity is particularly
noticeable at early detection times, where the rela-
tive shift Dt between two dyes may change rapidly
as a function of t. This is an effect of polyacrylamide
gel electrophoresis that, like band spreading, suffers
from lack of a straightforward theoretical treatment
that could be used to correct the data.

If the effect is not removed, the base-calling step
is made substantially more complicated because of
varying degrees of overlap that occur because of the
dye mobility differences. A tool was created to cor-

rect for this effect. Several shift functions were
tested for efficacy, including quadratic, cubic, and
linear with the addition of a 1/x term. From such
empirical experiments, it appears that the cubic
form provides the best fit based on residual values.
However, the cubic form has the disadvantage that
it is more sensitive to inaccuracies in the determi-
nation of the mobility-shift values to which the
polynomial is fit, causing problems if the values are
chosen without great care. In most cases the qua-
dratic also provides a good fit. Because it is less sen-
sitive to errors in the shift values collected it is the
function most commonly used.

The mobility-shift tool provides a facility to al-
low the user to visually select mobility-shift values
to which a polynomial is fitted by the program to
create a mobility function. This is done by the user
selecting a channel to be shifted by clicking on a
button in the tool inspector, then moving the
pointer to a selected location, typically correspond-
ing with a peak, clicking on that location, and slid-
ing that segment of data forward or back by the
appropriate shift amount and releasing it. The
amount of shift and the origin point for the shift is
recorded (Dt versus t) in a table. Generally one data
channel is chosen as the reference by the user and
all shifts are performed against this channel. How-
ever, this choice does not matter to the program.
Once the user has finished entering shift values,
they are tabulated, and a polynomial is fitted to the
shift values for each channel. Channels for which
no shifts were performed are assigned a shift poly-
nomial with zero coefficients.

As with other resource tools such as the multi-
component transform, mobility function sets (shift
polynomial coefficients) can be named, stored, de-
leted, and selected from a menu for application to
data. When applied within a script, the script will
specify by name which mobility function is being
used.

Signal Normalization

The scaling of intensity values varies greatly be-
tween different channels. It is useful for base-calling
and visual analysis to normalize the data so that
peak intensity values are more consistent between
channels. Without normalization, base-calling may
be impacted negatively. For example, a situation
may arise where a real peak in one channel appears
smaller than a noise artifact in another channel,
thereby causing that location to be incorrectly base
labeled. Originally a tool was developed that nor-
malized the data according to the maximal response
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value in each channel. However, this would fail to
have the desired effect in many cases because a
single outlying response value could cause an incor-
rect scaling of the rest of the data. Therefore, the
tool was modified to normalize based on the aver-
age signal response values for each channel. Al-
though this was an improvement, it still did not
always produce the desired effect because of situa-
tions where base content was substantially different
between channels. This is because a channel with a
high base content would be scaled down more than
one with a low base content, irrespective of the ac-
tual response values. To counter this, a further
change was made to the tool base content adjust-
ment of normalization. Before the normalization
step, a preliminary base-calling step is applied. This
is then used by the normalization step to adjust nor-
malization according to base content (specifically,
the normalization factor is divided by the base con-
tent percentage). If a previous base-calling step has
not been performed, this tool performs the normal-
ization assuming each channel has 25% of the total
base content. The tool has no parameters.

Histogram Equalization

Another normalization that can be performed on
the data is the removal of outlying point values,
such as may occur at the top of an excessively high
peak. As described in Giddings et al. (1993), the
base-calling algorithm we are using attempts to cor-
rect for height variations within a channel and be-
tween channels. However, outlying points can
throw the calibration off, making it less useful.

The histogram tool addresses this by sorting the
data values according to intensity value and clip-
ping the top and bottom x% of values, where x is a
number specified by the user. The result is that a few
large peaks will be chopped and have flat tops and
the rest of the data will be scaled for improved
analysis.

The parameters to the tool are the percent cut-
off level, x, and a button that allows the choice of
the cutoff being applied to maximal values, mini-
mal values, and whether the effect should be per-
formed per-channel or all-channels at once.

Base-Calling

The base-calling algorithms used in the current
BaseCalling tool are described more fully in Gid-
dings et al. (1993). It has not been changed substan-
tially since the time that article was written, with

the exception of two modifications. One of the
modifications was separating the base-calling code
from the main program into a distinct tool for
modularity. The other modification consisted of re-
ducing the confidence penalty for overlapping
peaks, which occurred in the channels correspond-
ing to G and C. This modification was made as part
of the height assessment module as well as the spac-
ing assessment module. It was done to allow for
increased ability to read through GC compression
regions, and appears to have had a slight positive
effect on accuracy. However, it introduced a prob-
lem where false terminations occurring in one of
the G or C channels and overlapping with a peak in
the other of these channels results in an insertion
error. Although this is a hindrance, experiments in-
dicate there was still a net positive gain in accuracy
from the modifications. We expect further adjust-
ment to the code may remedy this trade-off.

All parameter choices for this tool remain as de-
scribed in the aforementioned article. Figure 3D
shows a section of trace data that has further under-
gone mobility-shift correction, normalization, his-
togram cutoff, and base-calling using typical param-
eters.

Trace Editing

One difficult issue encountered in our pilot se-
quencing projects has been trace editing. This con-
sists of rejecting those portions of or entire traces
where data quality is low. Degradations in trace
quality include effects such as low resolution, low
signal to noise, inconsistent peak spacing, false ter-
minations, high noise level, baseline drift, and GC
compressions. These effects result in lower accuracy
in the base-calling process, which in turn can cause
problems in the assembly process due to mis calls,
insertions, or deletions. We use the Phred/Phrap
software in assembly, which performs its own qual-
ity calculations on each base and accounts for base-
specific quality problems in the assembly process.
However, we have found that removal of low qual-
ity regions (or data sets) before entering the data
into Phred/Phrap results in improved assembly re-
sults. This may be attributable to the sequencer plat-
form and preprocessing used on this data, to which
Phred is not specifically tuned. Using data from our
instrument, Phred does a sufficient job of account-
ing for poor individual base-calls. However, it does
not presently eliminate or account for entire regions
where preprocessing and base-calling has been per-
formed on poor quality data. This can happen in
regions where true sequence-specific signal has dis-
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sipated and the only remaining signal is attributable
to chemical and instrumental noise. The preprocess-
ing will affect these regions enough to present some
small peaks that the base-calling algorithms will see
as valid. Both Phred’s and BaseFinder’s algorithms
will try to base-call them, producing incorrect se-
quence. Neither Phred nor our own base-calling al-
gorithm adequately recognizes the situations where
all peaks present are merely artifacts derived from
noise. However, such regions can easily be recog-
nized by eye because of their much decreased regu-
larity in peak spacing, size, and shape. Currently
such data regions are removed by hand in all of our
sequencing projects.

Presently, we are working on a tool to address
this automatically by eliminating data that are
judged to be of low quality before the base-calling
step occurs. The current approach is to do this by
assessing the degree of variation present in different
regions of the data for measures such as peak width
and spacing. Preliminary results indicate these mea-
sures to be effective. Although not yet an existing
tool, this is mentioned because it is an important
part of the data analysis process that is undergoing
active development.

RESULTS AND DISCUSSION

The program is now regularly being used for analy-
sis of data from in-house production sequencing ef-
forts. This real world use is the most important test
of the program’s functionality. Such usage had
originally indicated a number of problems in the
program, including bugs, insufficient preprocessing
of the data, and lacking interface features. Over the
past several years, most of these issues have been
addressed.

Assessing the performance of the software in a
meaningful way is a difficult issue. This is because
the base-calling accuracy is affected by a great num-
ber of factors, including the preprocessing applied,
the instrument configuration, the chemistries used,
the type of DNA being sequenced and the base-
calling parameters used. Further complicating this
issue is the fact that most of the data collected in
sequencing is from previously unknown sequence,
and measuring the performance of algorithms with-
out a known standard is difficult. Performance com-
parisons can be done using vector DNA; however,
such tests are limited, as they often do not reflect
accurately the performance of the software on real
world sequencing data, which is generally more
problematic and difficult at all stages of the se-
quencing process. In early experiments we discov-

ered that software optimized for analyzing accu-
rately vector sequence did not necessarily perform
well in regular production sequencing. Some mea-
sure of performance can be obtained by comparing
base-calls of the individual shotgun fragments to
the assembled contig sequences from a sequencing
project. However, any numbers resulting from such
an effort are highly dependent on all of the param-
eters of the sequencing process, including the chem-
istries used, the DNA being sequenced, and the in-
strument used. This makes meaningful comparison
to accuracy measures of the performance of other
software packages difficult unless obtained under
identical conditions.

To begin to address the accuracy issue, two met-
rics are presented here that in total provide an ad-
equate picture of the software’s performance, but
should not be taken with too much weight indi-
vidually because of the reasons mentioned above.
One measure of accuracy is provided by experi-
ments sequencing the M13mp18 vector. In these
experiments accuracy of the base-calls produced by
BaseFinder was compared to that of two other soft-
ware packages. Experiments were performed with
data collected on both our custom sequencing sys-
tem (the ‘‘UW Scanner’’) as well as the ABI 377. A
second measure was obtained by measuring the ac-
curacy of 627 sequences from the shotgun phase of
our pilot sequencing effort (described below)
against the assembled contigs obtained in those ef-
forts. These two accuracy measurements are re-
ported along with some notes about our experience
using the software in production to relay some of
the benefits of the software as well as problems en-
countered that need to be addressed.

The M13mp18 vector-sequencing experiments
were performed with the main goal of comparing
the software’s performance with that of the ABI and
Phred packages. These were chosen because they are
in widespread use, and were available to us. A more
comprehensive comparison of other base-calling
packages is beyond the scope of this paper. The re-
sults of these experiments indicate that with the
definition of an appropriate processing script, Base-
Finder performs competitively. The results also in-
dicate the importance of the data processing that
occurs before the base-calling step (preprocessing).

Accuracy results for processing and base-calling
nine M13mp18 vector samples on the ABI 377 are
shown in Figure 5. Figure 6 shows results using a
similar methodology applied to 20 M13mp18
samples run on our in-house scanning sequencer
system (M. Westphall, unpubl.). These are both cu-
mulative plots of accuracy, and were collected as
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described in the Methods section. Overall, the data
illustrate that the software performs competitively
in processing. There are several features worth not-
ing. In Figure 5, the ABI base-called and the Phred
Base Called data (using ABI prepro-
cessing) have similar accuracy curve
shapes, although the Phred curve is
consistently higher. The BaseFinder
curve has a somewhat different shape,
exhibiting more linearity of perfor-
mance across a broader region of the
data. It is hypothesized that this has
more to do with the different prepro-
cessing applied to the data by Base-
Finder than it has to do with the base-
calling algorithm itself. This is cor-
roborated by the curve for accuracy of
Phred applied to the BaseFinder pre-
processed (and base-called) ABI 377
data, also shown in the figure. Aside
from changing the shape of the accu-
racy curve, BaseFinder’s preprocessing
increased the overall accuracy of
Phred’s base-calling by ∼1% at a se-
quence length of 800 bases. Figure 6
also exhibits similarity between the
Phred and BaseFinder accuracy curves,
on which all data preprocessing was
done by BaseFinder.

In these experiments, BaseFind-
er’s current base-calling algorithm
does better than both Phred and the
ABI caller in regions earlier in the se-
quencing run where there are few
compressions in the data sets ana-
lyzed, and continues to outperform
the ABI base-caller in the later regions
of a run. For the scanner data corre-
sponding to Figure 6, the first diffi-
cult compression occurs in most of
the data sets at about base position
545. From this point onward, there
are a number of other compressions,
each of which corresponds with the
position on the plot where accuracy
markedly drops. It is at about the
point in the data where the compres-
sions are observed at which Phred
overtakes BaseFinder in performance
(albeit only slightly), indicating that
the better performance of the former
may be attributable to smoother han-
dling of difficult regions such as com-
pressions. However, more important

than these small differences in base-calling perfor-
mance is the clear improvement in accuracy gained
by using BaseFinder’s preprocessing tools on the
data, whether using BaseFinder or Phred for the fi-

Figure 5 Plots of base-calling accuracy for four different combinations
of trace processing and base-calling, each applied to a total of nine
M13mp18 samples sequenced on an ABI 377 system. Results were cal-
culated in 20-bp windows and averaged for each window over the
samples. The plots represent cumulative accuracy to the base number
shown on the x-axis.

Figure 6 Plots of average base-calling accuracy for Phred’s (broken
line) and BaseFinder’s (solid line) base-calling algorithms when applied
to 20 data sets from sequencing M13mp18 on our laboratory’s custom
sequencing system. Both base-calling algorithms used preprocessing
performed by BaseFinder. The plots represent cumulative accuracy, cal-
culated in 20-bp windows, to the base number shown on the x-axis.
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nal base-calling step. It can be seen from the figures
that the curves for base-calling accuracy are strik-
ingly similar for each preprocessing technique. This
may indicate that each of these base-calling algo-
rithms rely on similar features of the data, and that
for performance to be improved, attention to the
pre-base-calling signal processing steps is vital.

A more significant test of the software has been
its application to a production-sequencing effort.
This effort is aimed at sequencing a 500-kb region of
human chromosome 19 in collaboration with the
Department of Energy Joint Genome Institute. To
date we have processed >2 million bases of raw se-
quence data that were collected on our custom built
sequencer, using the software and the techniques
described in the Methods section. These data consist
of the shotgun sequence for five 38-kB cosmids. Of
these, one has been completely finished and sub-
mitted to GenBank (accession no. AF025422) and
another is in the final editing stages (no gaps remain
in the assembled contig). The remaining three cos-
mids are in various stages of finishing. This software
has also been used to analyze all the finishing reac-
tion data collected, which includes a number of dye
terminator reactions.

During this effort, the programs have per-
formed very well. By the time the project was un-
dertaken, earlier efforts had helped discover and
eliminate bugs, and had helped the group under-
stand what it takes to produce a script that performs
effective data processing on a variety of data. Typi-
cal processing of a trace on a Pentium-Pro 200-Mh Z
class computer takes 1 min per lane. A large portion
of this time is spent in the deconvolution process.
Although time consuming, the latter appears to ac-
count for an important portion of the gain in accu-
racy achieved by BaseFinder’s preprocessing. It also
appears that the deconvolution routines can be fur-
ther optimized, and computers continue to get
faster, therefore this is not perceived as a major
stumbling block to the program’s use in production
sequencing. During these efforts, it was observed
that typical useable read lengths are in the range of
700–750 bases. It should be noted that these long
reads are not attributable to the software alone—the
in-house scanning instrument has proved to be a
very capable apparatus, as illustrated by the accu-
racy plots of Figure 6 compared to Figure 5.

Figure 7 shows the results of sequencing accu-
racy measurements obtained using sequences from
the first two cosmids in the project, comprising a
total of 627 individual sequences obtained from the
shotgun phase of sequencing these cosmids. The in-
dividual sequences collected on the UW sequencer

and processed by BaseFinder software were com-
pared against the assembled and finished sequence
data as further described in Methods. Phred base-
calls of the same files were also compared against
the contig sequences. Because all the trace files had
been hand edited previously to remove the poorer
quality regions of data at the end of each one, the
sequences incorporated into the plot were of vary-
ing length. This is illustrated by the bar graph in the
figure, showing the number of sequences that ex-
tend to each given read length. The average length
of the BaseFinder sequences incorporated in the fig-
ure is 765 bases.

As expected, the results indicate a lower total
accuracy in sequencing unknown stretches of DNA
than is obtained in sequencing a well-known stan-
dard such as the vector region of M13. This indi-
cates that tests of sequencing equipment and soft-
ware using a standard such as M13 have only mod-
erate utility in indicating real-world performance.
There is some similarity in overall accuracy curve
shape for the M13 sequences compared with the
human chromosome 19 sequences; however, the
M13 sequences have flatter, higher accuracy curves,
which decline more steeply near the end of the use-
able read-length range. This difference in shape may
be attributable to the hand editing performed on
the human sequences, as the editing has culled the
poor quality portions of sequence later in the runs,
resulting in a more gradual sequence quality de-
cline.

BaseFinder’s and Phred’s base-calling perfor-
mances show similar trends to those observed above
for the analysis of M13 vector sequence. BaseFind-
er’s current base-calling algorithm yields greater
accuracy than Phred for approximately the first
half of the average read length, and then is over-
taken by Phred. The maximum difference in perfor-
mance, excluding the first 40 base region and the
regions beyond 900 bases, is ∼1%. Although not a
large number, it is significant enough in the context
of large-scale sequencing to warrant the continued
use of Phred following BaseFinder’s preprocessing
for our sequencing efforts. It may be worth addi-
tional study to determine why BaseFinder’s algo-
rithm does better in earlier regions of a sequence
and Phred in the latter portions, and work toward
synthesizing a hybrid of both approaches. In any
case, BaseFinder provided all of the preprocessing of
the trace data for input to either base-calling algo-
rithm, and based on the M13 sequencing accuracy
experiments, it is a solid platform for these prepro-
cessing steps.

In the process of getting the collected data from

BASEFINDER: SOFTWARE FOR AUTOMATED DNA SEQUENCING

GENOME RESEARCH 661

 Cold Spring Harbor Laboratory Press on June 4, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/
http://www.cshlpress.com


the UW electrophoresis instrument to the assembly
project there remain two manually intensive time-
consuming steps. These are lane verification and re-
tracing on the gel image, and data quality verifica-
tion combined with manual trace editing before in-
clusion of sequences in the assembly project. These
issues are being addressed by ongoing work. To aid
in lane tracking, internal markers are being placed
in each sequenced sample to mark the starting lo-
cation of each lane. In addition, enhanced image-
processing steps (edge sharpening and multicompo-
nent transformation of the data) are being incorpo-
rated into our version of the Getlanes program to
further highlight each lane to improve lane tracking
accuracy. To remove the manual steps involved in
base-calling, a trace-editing tool is being developed
(as discussed earlier). As well, a new base-calling al-
gorithm is being developed, designed to produce
bases with assigned quality values consistent with
the Phred value, thus eliminating the need to run
the data through Phred before assembly.

The area in which the program’s base-calling

exhibits the most noticeable deficit is handling GC
compressions, polymorphisms, and false termina-
tions. These situations are cases where special ex-
ception handling must occur, although even with
special processing GC compressions may be difficult
to handle accurately. As discussed, some effort has
been made to tune base-calling to account for these
effects, but further tuning is necessary to achieve
optimal performance in these difficult regions. An-
other area of potential improvement for the base-
calling is in the confidence assignments. These as-
signments are intended to provide a measure of the
accuracy, on a range from 0 (least accurate) to 1
(most accurate) for base-calls. As described in the
1993 paper (Giddings et al. 1993), these measures
are based on consistency of spacing, peak height,
and width. Although they correspond generally
with sequence quality, the values are not scaled in
a particularly meaningful way, which has inhibi-
ted their use in assembly programs such as Phrap.
This is one area that we hope to improve in the
future.

Figure 7 A plot for averaged accuracy for sequences obtained in sequencing two cosmids from human chromo-
some 19 using the UW scanner system. Accuracy comparisons for individual sequences were made against the
assembled, finished sequence of the cosmids for BaseFinder’s and Phred’s base-calls (both of which used BaseFind-
er’s preprocessing of the trace data). The line plots represent cumulative accuracy relative to read length for the two
cosmids. The bar graphs show the number of sequences long enough to be incorporated into the accuracy
calculation for each read length. The y-axis scale on the left corresponds to accuracy; the scale on the right to the
number of sequences used in calculation of accuracy.
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CONCLUSION

The software presented has proven very valuable in
efforts in our laboratory at both development of
new sequencing technologies, as well as the appli-
cation of those technologies to sequencing efforts. It
continues to undergo improvement, and interest
appears to be growing by outside parties in using the
software for their own analysis tasks. Additional
work is ongoing to improve the preprocessing capa-
bilities and stability, as well as the performance of
the base-calling algorithm with the goal of fully
hands-off, automated processing.

METHODS
Data for the M13 vector sequencing experiments were col-
lected as follows. Ten reaction mixtures were prepared with
M13mp18 template, using Amersham FET primers and ther-
mosequenase and following the cycle-sequencing protocols
standard for those kits. Enough purified reaction product was
produced to perform several analyses of each mix. One se-
quencing run was performed on our in-house slab-gel based
system. In alternating lanes, 0.5 µl and 1 µl of each product
were loaded, producing a total of 20 lanes. A second sequenc-
ing run was performed on an ABI 377, by a local for-contract
sequencing service, using the 36-cm glass plate set and the
standard protocol specified for that system, producing a total
of 10 more lanes of data.

The data were then analyzed as follows. The ten samples
collected on the ABI 377 were processed in four ways to pro-
duce sequences for comparison: (1) ABI software only; (2) ABI
software followed by Phred; (3) BaseFinder, starting from the
raw lane data produced by the ABI lane-finding software
(meaning BaseFinder’s preprocessing was used for these); and
(4) Phred using the BaseFinder preprocessed and base-called
data (saved in SCF format). A script was defined in BaseFinder
for application to the 377 data, and was then applied un-
changed to all 10 samples. All resulting sequences were com-
pared to the GenBank M13mp18 sequence (accession no.
X02513) using the GCG ‘‘best-fit’’ routine (Genetics Com-
puter Group 1994). A custom program combined with a
spreadsheet was used to analyze the output of the ‘‘best-fit’’
program and produce sequence accuracy numbers up to any
arbitrary position N in the test sequence. This number is cal-
culated as

Accuracy = 100 × S1 −
G + M +

1
4

C

N
D (10)

where G is the number of gaps in either the test or the refer-
ence sequence up to position N (because of an insertion or
deletion on the test strand), M is the number of mis-calls to
position N, C is the number of Ns (no-calls) that do not align
with a gap on the reference strand to position N (meaning an
insertion, that is penalized fully), and N is the total number of
aligned base-pair positions counted to (including gaps). These
accuracy numbers were calculated in successive 20 base-pair
windows and made into averaged, cumulative plots of accu-
racy (Fig. 5). Cumulative plots were used to both provide a
better indication of overall performance at any particular se-

quence length, as well as to produce a smoother graph. Plots
of local accuracy tend to vary greatly, particularly when the
software runs into problematic areas such as compressions. It
should be noted that one of the ABI 377 samples was very
problematic because of low signal and very high noise, pos-
sibly attributable to a lane-tracking error, therefore this
sample was rejected (as it would have been after visual inspec-
tion if it was a part of our production-sequencing effort). We
did not have access to the gel image file to determine the
reasons for the problem, but the sample was significantly
skewing results in a negative direction for all base-callers.
Therefore, the results reported are based on only 9 of the 10
samples loaded and processed on the ABI 377 system.

Analysis was performed similarly for the data from the
custom sequencer, using a total of 20 data sets, which were
preprocessed by BaseFinder, and then base-called by Phred
(which requires processed trace data) and BaseFinder. ABI pro-
cessing and base-calling was not tested, as the system provides
no means for import of data generated on a non-ABI platform.
Again, the accuracy was measured in 20-bp windows and av-
eraged each window for all runs. Cumulative accuracy plots
for these data are shown in Figure 6.

For the production sequencing efforts, the methods were
as follows. DNA Separation and Detection in all of our se-
quencing projects is conducted solely on our own custom
four-color, fluorescence-based electrophoresis instrument.
The data (gel image) generated by this instrument is collected
on a Pentium PC running Windows 3.1. The generated data
file is transferred to the analysis platform (Intel processor run-
ning OpenStep/Mach) through FTP for processing. The gel
image is first viewed with GelImager to ensure that the data
was transferred successfully. Upon verification, the data file is
processed by Getlanes (Cooper et al. 1996), to determine lane
locations. The lane-marking information generated by Get-
lanes is read into GelImager and superimposed over the gel
image for lane-tracking verification. Any mistracked lanes are
manually corrected. Once all the lane tracking has been veri-
fied, the trace files for each lane are saved.

The extracted lane files are loaded into BaseFinder for
preprocessing and base-calling. The first step is to load the
script appropriate for the run conditions (dye terminator, dye
primer, gel concentration, etc.) under which the data was col-
lected. This script is applied to all lanes or trace files that have
been selected for processing. Upon completion of the analy-
sis, each trace is inspected manually. The traces that contain
failed reactions, dropped bases, or too weak a signal to be
properly processed are removed. At the same time any data
points that extend beyond the visibly assessed reaction length
are removed to prevent interference in the assembly pro-
cesses. This is done because data collection conditions are
such that read lengths of 1000+ bases may be obtained. How-
ever, the enzymology does not extend to >1000 bases on ev-
ery clone, and in many cases will die out well before the data
collection is terminated. In these early terminating reactions,
the data will correspondingly drop to noise at a certain point,
and data after this needs to be removed for optimal assembly
as explained previously. The base-called data is saved out in
SCF format, which can be read by most of the popular analy-
sis/assembly programs.

Assembly of the shotgun data is performed using the
Phrap assembly program (P. Green, unpubl.). To use fully the
quality measures generated and utilized by Phrap in the as-
sembly process, the BaseFinder-generated SCF files are pro-
cessed with Phred for editing of the base-calls and assignment
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of quality measures to each base. The Phred-assigned quality
values and base-calls are then used by Phrap for assembly of
all the data. The traces that go into the assembly of a contig
can be viewed with Consed (Gordon et al. 1998). Upon
completion of six to seven times redundancy in shotgun data,
the assembled project is viewed with Consed to locate regions
of ambiguities, as well as to examine contig ends. This infor-
mation is then used to determine a finishing strategy for gap
closure and removal of ambiguities. As a last step, each base in
the final consensus is manually verified with the individual
traces from which the consensus was determined. After this
final editing, the data are then annotated and submitted to a
public database.

Data from the two currently finished cosmids were ana-
lyzed to provide a measure of overall sequencing accuracy.
Only the sequences from the initial shotgun phase of the
project were used, as the finishing reactions used a different
chemistry (dye terminator) and were of more variable quality
(generally lower). In addition, those sequence files containing
stretches of religated sequence from either the vector or the
target DNA were removed before comparison. The set of se-
quence files used in collection of the statistics comprised a
total of 627 sequences, 325 of which are from cosmid 1 and
302 from cosmid 2. The original SCF files containing the base-
finder-processed traces and base-calls from the shotgun
phase, which were saved as standard procedure during the
sequencing project, were loaded back into BaseFinder to
extract and save only the base sequences (as text files). A
PERL script was developed to invoke the GCG best-fit routine
to compare each sequence to the appropriate region of the
correct finished cosmid sequence. To improve processing
time, the assembly project file produced by Phrap for each
cosmid was used to pinpoint the region in the cosmids against
which to align each sequence. Similarly, the base-calls
produced by Phred were compared against the finished cos-
mid sequences and statistics derived for the same set of se-
quences.

The resulting output files from best-fit were processed in
the same way as for the M13mp18 samples using a program
written for this purpose (source code provided on request).
Because of the manual editing that was performed during the
project on the trace files, the sequences are of varying length.
Therefore, the cumulative accuracy was calculated for each
20-bp window using only those sequences that were long
enough to reach the window. The number of sequences in-
corporated into the accuracy calculations at each point are
shown in Figure 7 to give an idea of the statistical weight of
the accuracy measurement based on how many sequences are
being averaged.
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