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Abstract

Although many genomes are available for downloaayothe underlying
technologies should not be taken for granted. Bygushotgun sequencing techniques
and a gauntlet of informatics, we are able to pcedugh-quality DNA sequence. We
will first look at some of the robotics and chemes of preparing DNA as samples for
the sequencing instruments. Then we will look atgéries of applications used in taking
raw data signals, converting them to sequencelamdftnally assembling the data into a
single genome. Highlighted will be some of the teghes used to speed the informatics
processes as well as some of the challenges foatiatics faces in processing data and

assembling the genome.
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I ntroduction

Goals

Sequencing an organism’s genome was somethingliifaan 20 years a
go. Since then, we have made immense advancesinbiology and the dream
has been realized hundreds of times over. Howéveprocess is still not
completely straight forward. The process is nattkeey and nor will current
technologies allow the process to become much simplespite the limitations,
there are still many areas in which the procesbasme high-throughput. We
will examine the process of sequencing a micraipggome starting from the

DNA, through the robotics, informatics, and finisgiphases.

1. Describe the process of shotgun sequencing — hastic process
results in a high-throughput process.

2. Examine the use of robotics in preparation of DN ¢he operation of
DNA Sequencing instruments.

3. Review the workings of a quality control mechanisaied the “data
curation pipeline” that uses parallel functionalithen appropriate to
take advantage of computing resources.

4, Assess the challenges of re-assembling a genoeretladt shotgun
process.

5. Review the challenges of the non-high-throughputspaf the process.
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Shotgun Sequencing

Sequencing a genome is no small feat. Today’s tdogires make this effort one
that requires systematic procedures and high-tlimouigprocesses that must be well-
coordinated. We explore why we need these procedunée what they are.

Given a piece of DNA, today’s sequencing instrurae@n sequence
approximately 1000 base pairs. By sequence, | dsaern the sequence of that piece of
DNA. The cost of reading these 1000 base pairppscximately $5; or half of a cent per
base pair. A quick calculation shows that this wiaukan that a four million base pair
genome would cost only $20,000. However, the tast of such an effort is closer to
$300,000 for reasons we will now explore.

The first step in the shotgun sequencing processliterally “shotgun” the
genome. Shotgunning the genome is a colorful metafoin fragmenting the genome into
many manageable chunks. These smaller fragmenthearbe strategically sequenced
to ensure that the entire genome sequence carsderoed. The process of fragmenting
is completely random. We are able to control tkke sif each fragment, however, at the
end of the shotgunning process, we have no waiffeyehtiate the fragments or know
from which segment of the genome it came. We atewkthat these fragments overlap
each other. Presumably, we used many copies @fgheme to create this collection of
fragments. This collection, or shotgun library, noentains all of the information we
need in a more manageable form of DNA.

The next step is to ligate these fragments intecor and label them. A vector is
a circular piece of DNA that can be opened and lafegeign piece of DNA inserted.

This vector can then be placed into a living célEocoli for amplification. Because E.
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coli possess all the biological machinery for afyplig DNA and because they are easy
to control, they are an excellent choice for thetiséep of the process. We need to
amplify the quantity of each fragment. E. coli daninjected with a vector and then
encouraged and multiply. When E. coli grow anddagyithey copy not only their own
circular genome, but the vector and its insertadrfrent as well. Since we track each
colony using robotics and libraries of cell lineg can identify individual DNA
fragments.

At this point, we remove the DNA from the E. catichprepare for it to be
sequenced. Remember, that we can only read 10@Qoa&s of this fragment. We can
also read this fragment from two directions. We zad the first thousand base pairs, or
we can read the last thousand. During the prodessgoiencing a microbial genome,
typically, three different fragment sizes are usddare greater than 1000 in size. The
various sizes are an important part of the oveeduencing strategy. In the next stage we
use seqguencing instruments, i.e. sequencers,dongae the sequence of these fragments
[14].

As mentioned, the fragments were generated indorarfashion. To determine
the sequence of the genome, we need to ensurgrada has been taken from each part
of the genome. However, due to statistical distrdns for a project of this size, certain
regions of the genome would not be representedipyragment. We can create enough
fragments to cover the genome ten times over alhdrdy have the sequence
representing 99.9% of the genome. Although sequgrtbie genome ten-fold redundancy
is expensive, it is remarkably faster than sequeneach part of the genome once. The

process is extremely high throughput because eagment is treated identically and a
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combination of robotics and informatics make thisgess very straight forward [15]. If
one were to try use only $20,000 to sequence emattos of the genome once, one
would spend an immense amount of time trying teweine the correct primer
sequences to sequence the particular 1000 baseogpdire sequence. The time required
to do such a process would be an order of magniamger and thus require many more
resources. The shotgun sequencing methodology ssfatlg, albeit redundantly,
sequences the genome in a very time and resoudicief manner.

Having the sequences of each end of each fragmetitlinot enough. We will
need to determine the entire sequence. This pratessonstituting the original genome
from the fragments is called “assembling the gerfoifiais topic will be covered in the
appropriate section. Finally, as mentioned befitrere will still remain .01% genome to
be sequenced. This portion of the genome may na baen sequenced for both
biological and statistical reasons [15]. We wilptote this issue of “finishing” in a later
section as well.

The goals of shotgun sequencing are simple. ltdeagyned to allow today’s
sequencing technologies to quickly determine tlggisece of a genome. To do this
efficiently, we employ a variety of robotics andarmatics. Let us know look at the

robotics involved in making this process efficiant feasible.
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Data Organization
Let us briefly explore how data is organized. §bal is to be able to track each
of the fragments that were generated. During teiesage of the DNA journey through
the laboratory, it is run on the DNA Sequencersretieis assigned a filename. Looking
at the filename will help guide us through the adghe laboratory processes
aaa0001 H12 x1 P24 096.abl

- aaa - this “library code” represents all the fragtaérom a single shotgunning
.sequence. A typical genome will have three sumtaties.

- 0001 - This is the “plate number” — these fragmeangsgrouped into batches of
96. 30,000 fragments would results in more thans3@h batches.

- H12 - this represents the coordinates within a 88-plate in which the fragment
resides. The plates are organized in 8 rows (Ard) ¥ columns (1-12).

- x1 —xrepresents the direction in which this fraginwas read, this will be
explained later. 1 represents the version of ileadme; often the same fragment
of DNA may need to be read multiple times.

- P24 —this is its coordinate in the 384-well syst&mach group of 96 is read twice
resulting in 192 files. Two such groups would résul384 files. Since the
instruments can handle 384-well plates, a paihe$¢ groups is spread into
different quadrants of the plate.

- 096 — There are 96 capillaries on the ABI 3730Xf{usncing instrument, this
part of the filename records through which capjlidnis fragment of DNA

traveled.
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- .abl - designates that this file is a 300Kb anedpgesentation of the fragment of

DNA.
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Roboticsand Lab Procedures

As mentioned previously, shotgun sequencing ia¥fe because it can become
a high-throughput process by using robotics andraation. In our lab, we use robots
that are able to operate on 96-wells plates. ThaViech’ and the ABI 3730XL
sequencer are two robots that perform the crueidgbmf the high-throughput process.

The BioMech manipulates plates by placing thenogations that allow precise
liquid handling for the culture of DNA via PC sofive running Windows NT. The robot
is controlled by a program that is fed to it ustngtandard PC. We use this robot in
conjunction with an array of strong magnets. Dutimg processing of the DNA, we
insert microscopically sized metallic beads thatlio DNA through DNA conjugate
sites. DNA is then positioned in a magnetic fi@ld,an array of 96 magnets, to allow
washing, dilution and extraction. By using a prefary solution of “RNAase water”,
DNA is then released from the beads and it rettors®lution. Again the plate is placed
on the magnetic array and the beads move to therboNow when the BioMech
pipettes up the liquid, it takes the DNA with iB]LThe DNA is then placed in a new
plate and is ready for the sequencer.

The sequencer is a very precise and accurate rolmtses a very delicate set of
96-capillaries to separate the DNA fragments bgtlenThese capillaries are razor thin
and, for our purposes, extend to 50cm in lengthth&@sDNA travels through these
capillaries the shortest fragments move fastesievthe longer fragments move more
slowly. At the end of the capillary is a laser thaes varies frequencies of light to
fluoresce sample. Since we are interested in tledscence of the tags at the end of

each fragment of DNA, a CCD light sensor, recoadal tfluorescence for each fluor,
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creating a continuous histogram of readings coarding to each nucleotide in
sequential order [9]. At this point, the softwardl Wwave recorded an analog signal in a
file on the attached PC.

These files are now ready to be checked for quahty their information recorded
in a database. Manual quality control can be peréar by looking at the entire image
recorded by the CCD camera inside. This is, howevgery qualitative measure of
success and is best for detecting holistic patté&maore quantitative measure of success

is described next.
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Data Curation Pipeline: Overview

The Data Curation Pipeline (DCP) is software tbatsed for quality control for
all samples that are passed through the sequeimstigments. Its goals include ensuring
that quality remains high throughout the procesarmlyzing the quality and content of
the DNA sequence that is read by the instrumenis.also responsible for organizing
and archiving data to allow future retrieval. WélWacus on the quality and content
analysis goals as well the technologies and tbalsdre used to achieve them.

The DCP is comprised of five main stages. Chaingdther into a single
pipeline, they analyze each piece of sequencasipbduced by the instruments. The
stages are: database init, basecalling, vectoestrg, contamination-screening, report
generation. We will examine the last four stagethadirst is mainly a housekeeping task
and is specific to the database.

Each stage incorporates a different bioinformatos to accomplish its task.
Phred is a tool used to convert analog data taadiggquence, Crossmatch is used for
vector-screening and Blast is used for contaminatleecking. The reporting stage is
accomplished by querying the statistics recordealdatabase. These critical stages are
the middle three as they generate the relevanststatand use the greatest amount of
computer resources. To streamline these stagesmptoy the construction of a
threadpool. This construct is able to parallelimecpssing to speed the calculations. We
will examine each of the stages and then analyzevtitkings and advantages of using
the threadpool.

This piece of software was written in Java andasfgrm neutral. Although

written and compiled on a 32-bit Linux platform nimg RedHat Server 2.1, it has been
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deployed on AlX and SuSe Linux on a 64-bit archiiee. The software is written in a
modular fashion to allow for flexibility. Stages tbfe pipeline can be added or removed
and a configuration file is used to change pararadte the environment in which it is
run. Database access has been abstracted sublotihéiie database and the structure of
the database could be changed without the neeadddynthe code that belongs to the
DCP. The software has successfully been used andammed for two years and

continues to serve the facility’s needs.
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Basecalling and Phred

The process of basecalling is the conversion dbgrféuorescence data into a
discrete sequence of base pairs. The term is defioen the process of watching analog
data stream from the instrument and literally oglla peak in fluorescence as the
indication of a particular base pair. Since therergoal of such a project is to determine
the base pair sequence of a genome, basecalling most crucial step in the process.
However, because we are dealing with analog datdaoause this data is far from
perfect, basecalling is not a solved problem.

The current standard for basecalling is a heuribaait has been coded in the C
language and distributed as a program called ‘Phwveédtten by Dr. Phil Green, this
program has defined the methodology of basecaltinthe entire world of sequencing.
The algorithm, which we will look at next, is a istic for identifying peaks in a
‘chromatogram’. As seen in the figure below, aochatogram is the plotting of
fluorescent signal vs. time for four different fteapcies of light. Each of the different
frequencies represents a different base pair. Hewegading these peaks is not always
easy. Often at the beginning, the sequencing im&nis sensors might be saturated by
what is called the “primer blob”. This initial blab the chromatogram represents the
unused primer coming through the capillaries fifstwards the end of the
chromatogram, we find that we run out of fragmemtse resulting empty space is noise.
Other aberrations of signal may come from seemirayhgom effects. However, Phred
still attempts to determine which base pair a pegkesents and report the confidence

per call.
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The algorithm behind Phred is straightforward.ne first pass through the data,
Phred attempts to guess where peaks may be. b basse guesses on the knowledge of
how fast DNA fragments can move through the capill®ver time, it can expect to find
peaks at certain regular intervals; and Phredlestabdetermine many of the base pairs
from this first pass. However, it makes a secorss$ paoking for aberrant peaks. These
peaks may, for some unknown reason, move too slomgo quickly. These peaks are
given a less confident score [5].

The scoring is based on an exponential error Fateexample, a “Phred score” of
20 represents an expected error rate of 1/10,0@0edsing the score by 10 indicates an
error rate of 1/100,000. Like the human genomesgtojve use a Phred score of twenty
as our minimum score [6].

Since the invention of Phred, a variety of bastketshave attempted to improve
upon Phred’s score. There is little literature gaggests these other base callers are
significantly better. However, in high-throughpuaegsarios, seemingly marginal
improvements can develop into significant gains ieatlictions of cost. For example,
recently, ABI introduced a new basecaller thattheesn demonstrated to be marginally
better. With one of our projects we found it toggimuch better coverage overall, even
through the per-read increase in base pairs wasignuficant. One must always take
these improvements with a grain of salt, as thredd course only so much data that can

be gathered from a chromatogram.
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Crossmatch and Smith Waterman

Crossmatch is a program that utilizes of the SMititerman alignment
algorithm. The SW alignment algorithm is an exhaestoptimal alignment algorithm
that runs in O(K) running time when implemented with all optimizats. A running
time of O(N) indicates that as the size of the problem doulhesrunning time is
squared; for the SW algorithm, the size of the [gnobis the sequence size. The
algorithm makes use of dynamic programming to flmelbest alignment from a given
pair of sequences.

Dynamic programming is the idea of finding all pbss solutions for some
optimization problem by creating a matrix whereleeell’s value is determined from the
values of the cells above, and of those to theTéifiis methodology allows one to
calculate each value quickly and methodically. frade-off is that you will be required
to keep all of these solutions in memory simultarsip[4]. In the case of sequencing
alignment, each row can represent the base paihedirst sequence, while the columns
represent the base pairs of the second sequerymi \ere to start at the upper right
corner of this matrix and moves to the bottom yauwhd pass through different
alignments of these two sequences. If one movesidomto the left, then the alignment
is broken or a gap is introduced. Depending orstwging rubric, this can either negate
the entire alignment or simply cause a penaltyesdbione moves diagonally down, the
alignment continues unbroken. When we reach theimgtwe simply find the path
through the matrix that gives us the best scores péth represents the base pairs that

should align that will give us the optimal alignmé§r.
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Since the algorithm is exhaustive and optimal,akes Crossmatch a very precise
alignment tool. However, it does make it computaaity expensive to use. Each time the
sequence size doubles, the running time quadrugtasever, for our purposes, the SW
algorithm is perfect. Crossmatch is designed t& kol 000 base pair sequences (the
actual reads) and ensure that none of them magcbetijuence of the vector. By doing so,
we are ensuring that we successfully insertedgnfeant of the genome into the vector.
Failure to do so would be serious problem as itldvooean we were sequencing the
known sequence of the vector; an expensive, fagtéxercise.

Crossmatch is also a well-suited tool becausesitltled features of vector
masking. When it finds a match between the veatdrthe sequenced DNA, it identifies
vectors sequence with an ‘X'. In this manner if overe to scan sequence manually, it

becomes readily apparent how much of the sequeaserector [11].
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Blast and Contamination Screening

The Blast algorithm uses a method of indexing #flatvs the quick scan of large
sequences [1]. It is a heuristic algorithm andefare suffers from the pitfalls of false
positives and false negatives; however, for ouppses, it works well. In this stage of
the pipeline we ensure that the DNA we are sequgritas not been contaminated by
foreign sources. First let us examine the Blasbradgm.

The Blast algorithm’s main technique for speedipgearching is the use of
indexing. Suppose we plan to be looking for matcheke E. coli genome. We would
first prepare an index for the E. coli genome. Bgaking up this genome into small
“words” we can make a map of the sequence. Suppes®ve the following sequence:
segA: AAAATTTTGGGGTTTTAAAAGGGGCCCC
And suppose we want to check if the following segugematches some where within the
previous sequence:
segB: GGGGC
If we were using the Blast algorithm we would héveken up segA into four letter
words and kept track of where in segA they occhernfwhen we need to ask where in
seqA does segB occur, we can see that the word G&G@s in two places in. To
determine which of the two locations is the cormot, the Blast algorithm then starts to
extend the match beyond the word. In this exanvpdequickly realize that only one of
the locations in segA contains a C to the righthefword: GGGG . In this manner,
indexing makes searching large portions of sequeaggutationally inexpensive [7].

For our purposes, we want to make sure that tha Didt we are sequencing has

not been contaminated by foreign sources suchlE Remember that the vector and the
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fragment were amplified in an E. coli cell. Thugsipossible for the E. coli's DNA to
have become mixed in with the true sample. Othercgs for contamination may also
include mitochondrial DNA. However, when sequenangrokaryotic microbial genome
from a similar species, we may find false positiwé®n searching E. coli because their
sequence may actually be similar. These cases ntapacial attention should they

occur.
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Reporting
After the data has been processed through thegirer stages, the results must

be reported. The results have been stored in dakgahat maintains records of relevant
statistics per read. Among them are the following:

- QLen - longest stretch of base pairs that are deredl to be high quality

- Q20 — number of base pairs that have a qualityl @v/@0’

- LSV - lost to sequencing vector — if a read is adguencing vector

- LCV —lost to cloning vector — if a vector incorpted its host clone’s DNA

- E. coli — if the sequence if similar to some forfrbacteria

- Success - if the read had at least 100 base pgajtsabty sequence

Each of these factors is relevant in determinirthefprocess is running efficiently
and to help troubleshoot any problems. QLen and €¢@@es show the overall quality.
These numbers fluctuate with the type of DNA tlsabeing sequenced. When sequencing
a microbial genome, it expected for these scoreppwoach 900bp on average. It is
possible to generate sequence with high qualityesece of un-important vector
sequence. The LSV and LCV percentages help shavkiah stage of DNA preparation
the problem is occurring. The E. coli percentageasents sequence that has been
contaminated by E. coli. The Success percentagé¢higeshold value used to measure a
minimum level of success that all DNA reads shdaltbw. However, for high-
throughput sequencing of a microbial a genomeQben and Q20 scores are the most

important factors for assessing overall quality [6]
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The DCP compiles these statistics for each grolgbotads that were run on the
instrument, for each instrument, and for each wbffiélibrary code. These reports are

then combined and sent out as an HTML-encoded tepor
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Threadpool

When processing large amounts of data, patteragnputation become evident.
In our case, it is plainly obvious that we are edpg the same exact series of processes
on each sequence read. Because of this parallelisnan easily take advantage of the
multiple processors in our computer by using aatipeol.

A threadpool is a collection of threads that wdhle with the number of
processors available to the pool. The size of t@ ghould be much smaller than the
actual number of computations that need to be pedd. In other words, if the number
of threads and the number of computations are atgny, then either the pool is too large
or the construction of a threadpool is unnecessaryur case a pool size of twice the
number of processors in the computer was used.raticswas empirically the fastest.
Data of these experiments is, unfortunately, udalbka. Qualitatively, an improvement
of approximately 40% was achieved by increasingiimaber of threads.

The goal of a threadpool is simple: to ensure tiogbrocessor sits idle and that no
processor is overwhelmed by a multitude of proced$successful, the threadpool will
be able to continually feed a processor a sindlutaion and upon its completion, feed
the next calculation. In this manner, each progesao focus its cycles on a single
computation, yet never go unused.

Each thread in the pool is responsible for thodsj The first is to get the next
calculation in the queue. Next, the thread must #ta calculation. Finally the thread
must monitor the progress; when finished the threidldhen begin at step one. In our
case, the different calculations might be to ruaad through Phred and obtain the

sequence; or it might be to run that sequence gir@rossmatch to check it for vector
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sequence. We are processing thousands of reabtiafgér therefore the use of a
threadpool is appropriate.

The DCP was developed on a 4-processor 32-bit ctanpunning Linux. The
pool size was optimized for this machine at eigfihen monitoring processes, one can
see that no processor sits idle through the rumweider, we have recently moved the
DCP to an 8-processor 64-bit computer; here procssse not fully utilized. This
indicates that the pool size can grow and thatavethereby process the data faster.
Connectionpool

Much like the threadpool, we use a pool to martageonnection to the database.
On the first iteration of the DCP, we opened a gewnection to the database each time
an update was performed. This was an inefficieattoce but it did not significantly
interfere with our processing times. However, mguio a different environment, our
new database does not allow 100’s of connectiobg tieft open. We implemented a
connectionpool to allow a connection to be useds hcompletely transparent to the
DCP as all code regarding database connectiordesesi a different module. This is a

feature of object-oriented programming.
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DCP Schematics

Below are visual schematics of the DCP. The filgiws the entire DCP and how
each stage is fed data, from left to right and lkeaeh stage communicates its results to
the databases and updates the log. The Email nspgeherated in the final stage and

shown as an output of the pipeline.

Pipeline

Input Data

Below is the more detailed view of a single stdgeéhe schematics, we can see
that input comes in the form of both actual inpatad(DNA sequence) and meta-data
(contextual information such as where in the degalta store the information). The
graphics of gears represent the actual computasiomed out by the Crossmatch
program. It can be observed that each instandeegbriogram is encapsulated within a

thread. Finally, we can see that although eaclathrequests its own connection, via
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JDBC, to the database, a connection pool is redpgerfer managing a limited amount of

connections to ensure that the database is nobaded.

One Thread

Manages Single Process

One process

Cross-Match
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Genomic Assembly

As described in the shotgun sequencing setupe tleegls, or genome fragments,
must be reconstituted into a single string of geie@raquence. To do so is akin to a
jigsaw puzzle. Each piece belongs in the final pjzznd the clues to its location can be
inferred from its edges. When to fragments seehat@ similar sequence, most likely
they were from overlapping segments of the origgealome.

Although the problem can be stated simply, itasasimple problem. For one,
the puzzle is quite large. Even keeping all thegseof the puzzle in memory is a
challenge. Depending on the assembler that is chdgéerent kinds of computers can
be used. The simplest to use is called Phrapop#ne Phred/Phrap/Consed package [8]
[11]. Because a publication is not available weraresure exactly why Phrap is limited
by 32-bit computing resources. My theory, is th&Rebit computer can, at most, allocate
a single block of 2232 bytes or 4 GB or RAM. Thisans that even though our original
server has 8 GB of RAM, only 4 GB could be usedPhyap. Having access to 64-bit
computing environments was necessary for our miatgienomes. In a 64-bit
environment, the computer can address 2764 bytB\M. Phrap allocates somewhere
between 6-10 GB of RAM for assemblies. Althougheothssemblers use as much or
maybe greater amounts of memory, they are ablpdoate with in the confines of a 32-
bit environment because they do not allocate desimgassive, contiguous block of
memory. Rather their data structures break up #@ony into smaller chunks [2].

The next issue in dealing with such a large pmobkethat finding neighbors is
complicated. Comparing two sequences is not agnifsiant computation. Although a

single alignment may take less than a fractiorecbad, when performing tens of
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thousands of alignments, processing times willease. One technique for dealing with
this is rather than doing alignments in the Smitht¥¥man style, is to use the Blast
technique. By indexing words from each segmerst @asier to find matches.

Another useful method of finding where piecestithe puzzle stems from the
knowledge of the shotgun sequencing process. We kinat each read has a mate-pair.
In other words, because each clone was read fraimthe forward and reverse direction,
we know that the distance between them is some krsixe. If we find two neighbors,
we know that each of their mate-pairs might alsaéighbors. In this manner, not only
can we find neighbors more quickly, we can alsottes validity of reads determined to
be neighbors. Suppose we know that the readsimgiesnate pair have been placed
10,000 base pairs from each other. If they arettg ones in that region, this may be a
simple misplacement of that read pair. Howevethefe are a group of mate-pairs that
have been separated by unreasonably large sizds)amethat there is bigger problem.
Such a situation maybe indicative of the existevfce repetitive region of the genome.
Fixing these types of errors will be covered in ‘faishing’ section.

Although Phrap does not use this mate-pair infoionah putting the puzzle
together, more advanced assemblers, such as Araatenable to do so [2]. This feature
is critical for larger genomes where repetition barubiquitous. Using mate-pair
information in building the puzzle means that usitanes-inserts of different sizes can
be particularly advantageous. Varying sizes ofrissmeans that an advanced assembler
can place reads more accurately. It can use largerts as ‘scaffolding’ on which to
build the rest of the assembly. It is akin to buitda fence with guideposts marking the

path. Without the guideposts, it becomes morediffito build a straight fence.
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Finishing

Finishing is the last stage in the process of erging a microbial genome. Until
now, we have been reading fragments of the gennragandom fashion. By reading
fragments with a random distribution across theoge®y we are able to very quickly read
the vast majority of the genome. However, due ¢osilae of the problem, and extent to
which we sequence, there is statistical likelihtwat we will miss certain regions [15].
These regions are known as gaps and must be ‘@dish

Not only have the statistics of the algorithm néel that we may have gaps. It is
very likely that parts of the genome may contagreater proportion of certain base
pairs. For example, often a G/C rich region ocauteng stretches. This means in these
regions, sequencing reactions may yield lower guediads because of chemical reasons.
Normally, there are an equal number of fluoresgdatieled base pairs in a sequencing
reaction’s solution. However, for G/C rich regioti® G’s and C’s will be consumed
more quickly and the reaction will essentially @ako remedy such situations, one must
include additional G’s and C'’s in the solutionsisTtends to compensate for the highly
concentrated G/C region of the genome. Learningevtieese regions may exist is part
of the finishing process.

Repetitive regions of the genome can also cales gonfusion during the
finishing process. A first round assembly may hiaeen linked together disparate
regions of the genome because it thought thatrietghed due to sequence similarity.
Such situation can hopefully be remedied by clorseiits that are greater than the size of
the repeat. If such insert sizes are used, thgnvibeld be able to span across the gap

and include regions of sequence that are uniqtieatdocation.
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Solving for the simplest gaps is straight forwadtidwever, it is by no means
high-throughput. Simple gaps are those that casidsed by sequencing across the
middle region of a fragment. When a fragment igitexd, we know that sequence is read
from both of its ends. The middle region is leftead. Often, a mate-pair will land on the
end of neighboring contigs. From this we can it these contigs are indeed
neighboring segments of the genome if we knew dlggisnce of the fragments. Primers
can be designed, based on the known sequencéwosaquencing through the
unknown portions of the fragment. When completassembling the genome should
show that these gaps have indeed filled and thegsoshould merge.

The application of choice for finishing is call€dnsed; which is, again, part of
the Phred/Phrap/Consed package. Consed is a gahpdotfor viewing assemblies and
aids in finding mis-assemblies, measuring progaessmanually editing basecalls to
allow more accurate assemblies. Consed’s assemblyeiature is extremely useful in
prioritizing finishing efforts. Often, it is desioke to work on simple gaps first or to work
to bring together the largest portions of the gemoAssemblyview helps quickly
determine which segments of the genome to prieraiz well as presenting an overall
picture of the status of a genome. Assemblyview aids in finding mis-assemblies by
highlighting mate-pairs that have stretched toafanss the genome.

Arguably the most powerful feature of Consed itedaAutofinish. Autofinish is
a component that designs and organizes finishipgraxents. This includes designing
primers and measuring the success of previous iexpets. Because Autofinish provides
a systematic approach to finishing, it aids in mgkthis process less error-prone than if

done by hand [8].
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Another tool used in finishing is called Orchid:cBid is primarily a visualization
tool to allow one to better understand the stat@nadissembly. It features a circular view
of the project which is particularly useful for mabial genomes. In general, having the
entire project represented in a single screen gastter understanding of the state of
the project. Compared to Consed’s Assemblyviewh@rprovides a more holistic view.
Unfortunately, it is more difficult to configure. Néreas the Phred/Phrap/Consed can be
reconfigured by editing a perl script, Orchid reqaione to modify and recompile C++
code. It should be noted that these are one-tiraegds. However, clearly, it would be
desirable for this type of configuration to be pafres configuration file of some sort
instead of hard coded into the applications’ sogaxe [10].

As mentioned before, finishing is not a high-thropgt process. Often numerous
rounds of finishing are required to reach the eval gf a complete genome. Often, it
takes the most time and incurs the greatest cbsteffort and cost of this process, alone,
provides incentive to improve technologies upstreamprovements in assemblers and
basecaller would provide more accurate sequencassamblies and reduce the

resources spent on finishing.
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Resequencing and Resequencer

Appendix | is a manuscript that will be submittedhe Bioinformatics journal
once the appropriate data is collected. It dethdseatures and usage of a graphical
application designed to efficiently design priminsresequencing projects.
Resequencing is the idea of sequencing a partipoldion of the genome multiple times.
Resequencing is necessary for a variety of reag@mngnicrobial genomes, this is
important for verification purposes. In analyzinganpleted genome, scientists are
interested in the differences between homologonsgeSince these differences are often
on the per-nucleotide level, it is important to foon the DNA sequence. This process is
much like the finishing process in that speciatas need to be designed in order to
sequence the appropriate portions of the genonsedrencer helps to automate and
organize this process by automatically retrieviatadand exporting primers in a

systematic fashion. Please view the manuscripdéeails.
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Conclusion

The process of sequencing a microbial genome lisunderstood process but not
without its challenges. Without a turnkey solutian, efficiently organized and executed
pipeline is the best way to reach the goal. Bygisaobotics for high-throughput
preparation of the lab, combined with comprehengivaity control tools in software,
the process is greatly quickened. The systemati@ftisaming conventions helps keep
the low-throughput portions of the project. | hdnaal the privilege to help build parts of
this pipeline and appreciate the amount of work ithaequired to produce a complete
sequence.

After a complete sequence is created, the neps shat are taken are very
bioinformatics intensive. The first task would lbeahnotate as much of the genome as
possible. Beyond this, one can assess the diffesdmetween functionality, look for
SNPs, or measure evolutionary patterns. These,tagks, have been done before, but
are by no means completely automated. The futuBN# Sequencing is very bright.
With new technologies on the horizon, this typeapillary sequencing instruments may
become obsolete, however the processes involvethanatinciples will remain the

same.
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