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Analysis of DNA Library and Sequence Quality with the Finch®-Server
Todd M. Smith, Joe Slagel, Dave Campbell, Sandra Porter
Geospiza, Inc.  2442 NW Market St.  Seattle, WA 98107 USA

Recent years have seen an increased number of laboratories undertake projects 
in genomic sequencing.  However, the technical expertise, background 
knowledge, and analysis tools required for successfully performing large-scale 
sequencing, are still largely concentrated among a small number of genome 
centers.  Data management tools such as the Finch®-Server, allow laboratories 
to analyze many of the steps involved in with genomic sequencing and quickly 
identify problem areas.

A common strategy for genomic sequencing involves breaking DNA into several 
random fragments, cloning the fragments, determining the nucleotide sequence 
of several clones, and using the overlapping regions to assemble a complete 
genome sequence.  In order for this process to work, the clone library must 
represent sequences that were broken at random points.  Often, these libraries 
are constructed by using physical shearing methods such as sonication to 
randomly fragment genomic DNA.  On occasion, alternative methods are used 
for library construction, relying instead on digestion with restriction enzymes to 
generate smaller DNA fragments.  The results of one such project are described 
here. The Finch-Server was used to perform a detailed analysis of library quality 
by counting the number of vector clones, the number of short clones, and the 
number clones with poor quality data (less than 100 bases with phred scores > 
20). We were also able to determine that the library was not random; by using 
the Finch-Server to sort clones by size.  Morever, many of the sequences 
represented chimeras, most likely created by ligating non-contiguous restriction 
fragments, during the cloning step. 

Abstract

Chromatogram files were obtained from a genomic sequencing project involving bacteriophage.  In this project, genomic libraries of 
phage DNA were prepared by partially digesting phage DNA with either AseI or DraI.  Subclones were sequenced using standard 
methods and analyzed using an ABI PRISM® 377 DNA Sequencer.  The resulting chromatogram files were loaded into the Finch-
Server (Geospiza, Inc.).  Reports detailing base calls and quality values were obtained from the Finch-Chromatogram Manager, which 
incorporates phred (Ewing, et. al. 1998) and cross_match (P. Green, unpublished, www.phrap.org), along with a relational database 
management system and additional algorithms for monitoring sequence quality.  Vector sequences, E. coli contamination, and short 
reads were identified by Finch-Server reports and by using SQL to query the Finch-Server database.  Reads were assembled into 
contiguous sequences using the Finch-Assembly Manager, which incorporates phrap (P. Green, unpublished, www.phrap.org).  
DrawMap (Smith, et. al. 1996) was used to generate diagrams showing the distribution of restriction fragments within specific 
contigs.  Data were also plotted using Microsoft®-Excel

Methods

Random sequencing, either as a stand-alone method, or in combination with directed 
sequencing, has become a standard technique for sequencing large DNA fragments and small 
genomes.  The DNA to be sequenced is broken into smaller, randomly distributed pieces and 
subcloned.  Reads are obtained from each subclone and used to reconstruct the original 
sequence of the larger target DNA.  Assuming a Poisson distribution (Lander and Waterman, 
1988), a nine-fold coverage depth is required in order to be 99% certain of obtaining a 
complete sequence for a DNA target of a given size.  These calculations however, were derived 
to represent ideal conditions, rarely seen in the laboratory.  They do not account for artifacts 
such as clones with short inserts, E. coli or vector contamination, or reads with poor quality 
data.  Reads derived from short inserts are defined here as reads that include sequences from 
both the 5’ and 3’ ends of a subcloned fragment.  It is also imperative that the subclones, do in 
fact, represent a random sampling of the target DNA.

We can modify the Lander-Waterman calculations to provide a more realistic estimate of the 
number of reads necessary to complete a sequencing project by including information about 
data quality, the size of the target DNA, and incorporating methods to adjust for short inserts 
and contaminating sequences.  By doing so, we can derive a new calculation:

 

We define Rn as the number of reads required to complete a project, C as the coverage depth,  
and T as the length in nucleotides of the target DNA.  rL is defined as the average length of a 
read as measured by the number of bases with  phred quality values greater than 20.  Phred 
provides a way to measure the quality of sequencing, as the probability of having incorrectly 
identified a base with a phred value of 20, is 1% (Ewing, et. al., 1998).  

Other artifacts of sequencing are also addressed by this calculation.   Pf represents the fraction 
of reads that pass a defined set of quality standards.  In this way, we can exclude sequences 
with short inserts (a read that includes both the 5’ and 3’ end of a clone) or reads that 
correspond to E. coli or vector sequences.
From this relationship we can see that the number of reads required (Rn) to complete a project 
decreases as the length of each read (rL) goes up.  High quality sequences also decrease the 
number of reads required because a larger fraction of the sequences would be considered to 
be of passing quality  (Pf).  As an example, to sequence a target DNA fragment of 100,000 
bases, with a nine-fold coverage, would require 1666 reads if the average read length had 600 
Q20 bases and 90% of the sequences were of passing quality.

One caveat yet remains, the library of subclones must represent a random collection of 
sequences.   An analysis of the distribution of fragment sizes provides one means to evaluate 
the random vs. non-random nature of a subclone library.

Background

Rn = 
CT

(rL x Pf)

Quality Assessment Non-random Data and Chimeras
Standard basecalling and data analysis methods are used to assess the number of contributing high-quality bases availalble for an assembly 
project.  Other artifacts such as non-randomness of reads and chimeric clones can only be determined as data are assembled into contigs.  The 
Finch-Assembly Manager in conjnction with SQL (Structure Query Language) queries, and addtional data manipulation are used to identify 
addtional artifacts.

In this project, a random sub-clone library was seeded with sequences optained from sub-clones that were derived from DNA partially digested 
with high frequency cutting restriction enzymes (AseI and DraI) for the target DNA.  Partial digests are difficult to control and lead to bias in the start 
postions of reads relative to each other.  Further, small fragments can randomly join together to form "chirmeric" clones that, when sequenced, 
have parts that align to different regions of the target DNA.   The figures below show the affects of these sub-clone sequences at the RE digested 
DNA is added to the assembly.
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Scatter Plot of Reads per Kb vs 
Contig Length.

Graphed are the data from three 
assemblies with increasing numbers 
of reads from the RE digested 
library.  The 70201 assembly has no 
RE fragments whereas the 71801 
assembly has over 1000 reads from 
the RE digest libraries.  As more 
data from RE digests are added, 
one observes an increase in scatter 
and increasing number of reads/kb 
without a corresponding increase in 
the contig lenght.   A log/log plot is 
used to show all data.

Distribution of AseI Fragments Along Largest Contig. 
The graph below shows the alignments of reads in the forward (top) and reverse (bottom) orientations.  The contig is the line at 
zero on the Y-axis.  It confirms other observations that certain RE fragments are highly over represented and also shows a high 
degree of completely digested fragments.  Completely digested fragments are observed by “blocks”, in which arrows stop at 
boundaries and do not cross into other blocks.  

Plots of Start Positions for the n and n+1 Reads. 
The graphs below show the distribution of start postions for each read in the assembly.   At a 9x coverage the average amount of new data added by a read is 
the length of the target divided by the total number of reads.  A 100,000 kb target requiring 1666 reads means each read contributes about 60 bases of new 
data.   One way of looking at how much new data is contributed by a read is to observe the difference (D) between the start of an alignment for a read in a 
contig (Sn) and the next read (S[n+1]) in the contig; D =  S[n+1] - Sn.  The distribution of start points follows a possion distribution.  When an assembly with RE 
data (left) are compared to an assembly lacking these data (right), one sees an over representation of "zero" length starts, indicating a bias for sub-clones 
begining at a common RE site.  

Detecting Chimeric Clones.  
The graph below plots the number of chimeras detected by Phrap.   Incremental assemblies 
were performed as data were added to the project and each assembly was stored in the 
Finch-Server.  The bar in the graph notes the start point at which the reads from the RE 
digested sub-clones were added.   As more RE digested data are added to the project there is 
marked and corresponting increase in the number of detected chimeras.  

The dotplots below the chimea graph confirm these observations.   The plot on the left an 
alignement of all contigs (combined to form a single sequence) to itself using cross_match.  
When a similar experiment is performed with contigs containing the RE digest reads, one 
observes a large number of sateliite alignments analogous to repeats.   The data in the 
dotplots are not single contigs, rather they represent collection of a few large contigs and 
many small ones.  Thus the satellite aligments observed with the RE digest reads are from the 
smaller contigs that could not be joined to larger contigs because the contigs were formed 
from chimeric reads.  

DNA sequencing projects benefit from on-going analysis of library and DNA sequence quality.  As 
discussed earlier, the number of reads required to complete a project are dependent not only on factors 
beyond one’s control, such as target size and probability, but on quality factors including randomness 
of a subclone library, the quality scores for individual reads, the distribution of short inserts, and the 
amount of contamination from E. coli or vector DNA.  Since the overall cost of a project will be 
determined primarily by the number of reads, project costs can be lowered by quickly detecting 
problems in quality, and taking corrective measures.  Problems related to instrument performance also 
benefit from timely identification and repair.

The Finch-Chromatogram Manager automatically provides reports on phred Q20 scores, read length, 
and the amount of vector or E. coli DNA , allowing laboratories to quickly detect and correct problems 
in sequencing projects.  Reports generated by the Finch-Instrument Manager  identify instrument 
problems including malfunctioning capillaries, and robots.  Timely identification and repair prevents the 
loss of valuable samples.

Lastly, advanced Finch-Server features, such as the ability to query the RDBMS through SQL, can be 
used to assess the distribution of fragment size and starting position in a clone library.  The ability to 
minimize the number of reads and avoid wasting significant amounts of time and resources make these 
types of analyses worthwhile.

Summary


