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Abstract:

The biological sciences are becoming increasingly dependent on information science as they accrue
large amounts of data that must be organized and analyzed in order to gain some new information or
obtain results from the data. One such task is the physical mapping of genomes, which in this case, is
creating a map that specifies the order of clones along a particular genome. Many genomes, especially
grasses such as barley or wheat, contain retroposons and repetitive elements that make the task of
building a physical map of the genome more difficult. The software project described in this thesis
takes this into account and will allow these known problem segments of DNA to be filtered out before
further calculations are done on the data. The algorithm’s flexibility allows genomes with different
degrees of variation to be pieced together with varying stringency levels chosen by the user, allowing
more accurate maps to be created, based on the available data. The software will order the clones of
large genomes quickly and accurately, displaying a graphical representation of the clones depicting the
overlap and order as determined by the algorithm.
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ABSTRACT

The biological sciences are becoming increasingly dependent on information sci-
ence as they accrue large amounts of data that must be organized and analyzed in
order to gain some new information or obtain results from the data. One such task is
the physical mapping of genomes, which in this case, is creating a map that specifies
the order of clones along a particular genome. Many genomes, especially grasses such
as barley or wheat, contain retroposons and repetitive elements that make the task of
building a physical map of the genome more difficult. The software project described
in this thesis takes this into account and will allow these known problem segments
of DNA to be filtered out before further calculations are done on the data. The al-
gorithm’s flexibility allows genomes with different degrees of variation to be pieced
together with varying stringency levels chosen by the user, allowing more accurate
maps to be created, based on the available data. The software will order the clones
of large genomes quickly and accurately, displaying a graphical representation of the
clones depicting the overlap and order as determined by the algorithm.




CHAPTER 1
INTRODUCTION

In the plant genetics community, it is desirable to crossbreed different varieties of
specific crops in order to produce new varieties with the best characteristics of mul-
tiple varieties. Desirable characteristics may include disease resistance, higher yield,
protein content, and adaptability. Traditionally, crops are crossbred and grown to
determine whether they exhibit the desired traits; only the desirable plants will then
be reproduced. With recent scientific advances, plant genomes can be better charac-
terized, and the genetic make-up of the plant can be determined. This information
allows plant geneticists to screen new plants and discard those that do not contain
genes for the desired traits. Early screeﬁing will greatly speed up the process of
producing superior crops by crossbreeding, and will save money because undesirable
strains will not have to be grown to maturity.

New technology being used in the genetics and molecular biology fields have made
the type of data, and the amount of data that can be generated, too overwhelming to
organize and interpret by hand. To generate a physical map using restriction enzyme
fragments, hundreds of restriction fragment sizes from different clones have to be com-
pared to each other to determine whether the clones overlap. The overlapping clones
are then ordered so that each overlapping clone lies side by side, and non-overlapping

clones are separated. The amount of overlap between clones is determined for each,
and must conform with previously ordered clones in the contig, or ordered clone map.
Manually ordering this type of data is tedious and time consuming especially consid-
ering laboratories today have several genomes they would like to further characterize

in a short amount of time.




CloneOrder will use the AFLP[16] fingerprint data from several clones that are
presumed to form a single contig apd arrange these clones into the best ordering,
displaying the clone overlap between pairs. This information will be used to determine
which clones-should be fully sequenced or further characterized. If a rough sequence
of the entire genome is desired, then only the minimal tiling clones, determined by
the CloneOrder display, will need to be sequenced. This will give minimal sequence
coverage of the genome for which clones are available. Using the overlzip results,
additional clones can be chosen to resolve any ambiguous secti-ons of the genome
sequence. -CloneOrder will also be useful if further characterization of specific sections
of the genome is desired. The clone layout display will aid in choosihg clones for
positional cloning, isolating particular genes, as well as general data collection in

order to learn more about specific genomes.




CHAPTER 2

BACKGROUND

Physical Mapping

Physical mapping of a genome is the determination of the physical location of
landmarks or features along the genome. In this case, physical mapping refers to
positioning clones in the correct relative order along the genome, so they may be
selectively characterized. Physical mapping is important in many genome projects
because the physical maps allow users to choose a specific segment of the genome to

further study, or isolate segments associated with particular genes of interest.

AFLP /Fingerprinting

A DNA fingerprint (Figure 1) is a display of DNA fragments, typically cut by
restriction enzymes. DNA fingerprinting is used to show variation between individual
genomes by depicting the differences in DNA sequence by their different fragment
patterns. One technique for DNA fingerprinting is AFLP. This method is based
on creating unique DNA fingerprints by cutting DNA with restriction enzymes, then
amplifying! the fragments that will be used in the map creation step. These fragments
are run out on a gel, and the resulting fingerprints are used to order the clones into
contigs, or clone maps depicting the relative order of a group of overlapping clones that
represent a genome, or genome section. Although the name AFLP should not be used

as an acronym[16], it is often referred to as Amplified Fragment Length Polymorphism

IDNA fragments are amplified, or copied many times, using Polymerase Chain Reaction (PCR)
[17]




due to the similarity to a technique called RFLP, or Restriction Fragment Length

Polymorphism.

Figure I: DNA Fingerprint created with the AFLP technique
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The AFLP technique was chosen here because it can be used for DNA of any origin
and complexity, it requires no prior sequence information, and it can be performed
with a limited amount of DNA. This is beneficial when trying to determine clone
overlap and order in plants because many plant genomes are more complex than
bacterial genomes, so the chosen method must provide accurate fingerprints despite

this complexity. The DNA available for this project is derived from bacterial artificial



chromosomes (BACs). A BAC is a vector used to clone DNA fragments in Escherichia,
coli cells. The clone fragment size ranges from 100kb to 300kb, with the average insert
size being about 150kb. The BAC clones obtained for this project average about
100kb, and there is no prior sequence information for these genomes. There is a limited
amount of DNA available, making it difficult to use some common fingerprinting
techniques such as Multiple Clone Digest Mapping (MCD Mapping)[3] where much
more DNA is necessary.

Figure 2 shows a diagram of the steps involved in the AFLP method. The first step
in the AFLP method involves digesting the DNA with restriction enzymes. Restric-
tion enzymes cut the DNA at specific short sequences that are more or less randomly
scattered throughout the genome. These short sequences are often palindromes, so
both strands of the DNA are cleaved at nearly the same position. Typically, the DNA
would be completely digested with a frequent cutter and a rare cutter. Adapters are
then ligated to the ends of the fragments. Adapters are oligonucleotides, or short
sequences of DNA, with a specific core sequence plus an enzyme specific sequence at
the end that matches the sequence of the cut DNA. The enzyme specific sequence
corresponds to the enzyme used in the restriction enzyme digestion. Attaching these
adapters allows the DNA fragments to be replicated without ever having to know
the underlying DNA sequence. The fragments are then replicated by polymerase
chain reaction (PCR)[17] using AFLP primers that correspond to the adapters. The
primers are short DNA segments that bind to the original DNA in a PCR reaction,
creating a starting place for the DNA replication. Typically, two PCR reactions are
performed: the first reaction is a pre-amplification of the fragments using less selec-
tive primers. This allows many fragments to be ambliﬁed. The second PCR reaction

is a selective amplification, where the primers are extended using more selective nu-




cleotides. One of these primers is labeled (radioactive or dye-labeled) so the resulting
fragments will be visible when they are run on acrylamide gels. The samples are
then run out on a gel to separate the fragment sizes, producing a fingerprint of the
genome. A typical fingerprint created with this technique will produce between 50
and 100 amplified fragments. Overlapping regions in the clones can be detected by
the presence of similar sized fragments. Since the fragments originate from the same
segment of the genome, they will contain the same restriction sites, and therefore the

restriction fragments will be of similar size.

Figure 2: Steps involved in AFLP Procedure

Copyright LI-COR Biosciences, used with permission. AFLP is a registered
trademark of Keygene, N.V.



After separating the fragments of each of the clone samples on a gel, the fragment
size information must be extracted for each gel lane. Each lane in the gel corresponds
to a single clone. Using a software program such as Genographerf?], the lanes of
a gel may be imported, and a visual depiction of the fingerprint is shown. The
fragment size information can be exported as a fingerprint file (Figure 3) containing
the fragment sizes for each gel lane imported. The input for the CloneOrder software
program is this set of fingerprints from clones that are believed to originate from the
same genome. Figure 4 shows the accepted input format for a fingerprint file. In this
format, the first line contains the number of clones, and the number of independent
restriction enzyme digests. The following line contains the name of the clone, and the
number of fragments from each restriction enzyme digest. The next lines list each of
the fragment sizes measured for each restriction enzyme digest, with each new digest

beginning on a new line. This information is repeated for each clone.

Figure 3: Fingerprint File

8 |1

cloneO 14

211 75 102 373 43 85 671 198 1033 387 64 119 36 603
clonel 13

334 43 85 671 198 1033 387 64 119 36 664 151 215
clone2 13

326 43 85 671 198 1033 387 64 119 36 664 151 223
clone3 12

70 198 1033 387 64 119 36 664 151 849 76 353
clone4 11

697 387 64 119 36 664 151 849 76 358 599

clone5 11

351 64 119 36 664 151 849 76 358 707 625

clone6 11

304 64 119 36 664 151 849 76 358 707 672

clone7 9

460 151 849 76 358 707 1018 344 37



Figure 4: Fingerprint File Format
Ourrber of clones (m)> (number of independent restriction digests (n)>

(clone nane 1> (| fragments in digest 1> (t fragments in digest
(digest I: fragment length 1> (fragment length 2> ... (fragment
(digest 2: fragment length 1> (fragment length 2> ... (fragment

(digest n: fragment length 1> (fragment length 2> ... (fragment
(clone nanme 2> (* fragments in digest 1> (| fragments in digest
(digest I: fragment length 1> (fragment length 2> ... (fragment
(digest 2: fragment length 1> (fragment length 2> ... (fragment

(digest n: fragment length 1> (fragment length 2> ... (fragment

(clone name n» (t fragments in digest 1> (| fragments in digest

(digest I: fragment length 1> (fragment length 2> ... (fragment
(digest 2: fragment length 1> (fragment length 2> ... (fragment

(digest n: fragment length 1> (fragment length 2> ... (fragment

2> ...
length
length

(I

1>
1>

length r>

2> ...
length
length

length
2> ...
length
length

length

vV

*

—~

vV

fragments in digest n>

fragments in digest n>

fragments in digest r>



CHAPTER 3
SOFTWARE ENGINEERING

CloneOrder was developed for a specific problem described by the Plant Genetics
laboratory at Montana State University. The laboratory acquired some BACs, from
which they wanted to create a physical map in order to limit the number of clones
they would need to further characterize. They were mainly interested in determining
which clones overlapped in sections of the genome, so a minimal number of clones
could be used in further tests. Fingerprints of the BACs were being created using
the AFLP technique, but they had no software available to order the clones based
on this information. Ordering, or even determining overlap, by hand is tedious, and
somewhat arbitrary work. Looking at the fingerprints, the overlap can be suggested
by noticing many common fragments, but ordering these clones based on the visible
fingerprints is very difficult. Many piant genomes also contain sections where retro-
posons or repetitive elements complicate the ordering and overlap because the same
DNA sequence may appear in several sections of the genome. If a genome is known
to contain these elements, and if they produce fragments of a particular size, the
fragment size may be filtered from the fingerprint file using the CloneOrder software.
Filtering problem fragment sizes prior to ordering the clones allows a more accurate

map to be created.

System Requirements

The software has been tested on computers running both a Windows and Linux
operating system; it should be compatible with any operating system that supports

the Java Runtime Environment (JRE). Java was chosen as the language to write this
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software for portability reasons. Since the algorithm itself is fairly fast, speed was
not an issue in language consideration. Swing Utilities were ﬁsed in the development,
so JRE 2.0 or above must be installed in order to run CloneOrder. The speed of the
algorithm allows it to be run with a relatively slow central processing unit (CPU),
and still get results in a reasonable amount of time. Due to the amount of information
stored during the calculations, the amount of memory necessary is dependent on the
genome size, and the number of clones being ordered. Typically 64 MB of RAM will

be sufficient, but more memory may be necessary for very large or complex genomes.

Running Time

Despite the number of calculations involved, the actual running time is fairly
fast. A typical running time to calculate the overlap values on a 500Mhz computer
is between one and two seconds, depending on the size and complexity. The time
required to order the clones is less than two seconds. This is only the clock time, it

doesn’t take into account any system induced waits that may have occurred.

Memory

It is suggested that at least 64MB of memory is used to run CloneOrder. This
should allow most large or complex genomes to be run Withqut memory problems.
More memory may be necessary to run multiple orderings, or extremely large or
complex genomes with many clones. The mi_nimufn amount of memory needed is
16MB. This is sufficient to order a test data set with 25 clones, and a genome length
of 400,000 base pairs.
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Algorithm

The original algorithm and idea for this project was based on ‘a Doctorai disser-
tation by Brendan Mumey, A Powerful Clone Overlap Test for Restriction Fragment
Mapping [13]. After designing the software and testing it on several real data sets, it
was apparent that the problem sét was not similar enough to that ‘us‘ed in Mumey’s

thesis, so the algorithm had to be re-written to fit the problem set available here.
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CHAPTER 4
TECHNICAL ALGORITHM INFORMATION

The algorithms created for CloneOrder determine both the clone order and overlap
.based on the assumption that each of the common fragments in ‘the clones are actually
pieces from the same segment of the genome. This assumption can be made because
the method used to create and measure the restriction fragments is very accurate;
fragments with sizes under 500 base pairs can be measured accurately within fractions
of a nucleotide[8]. If multiple clones share a number of fragments, or a significant
percentage of their length, it can be assumed that these clones overlap, and that the
similar fragments are actually copies of the same segment of the genome. The final

clone ordering is derived from these assumed clone overlaps.

Overlap Value Matrix

An overlap value matrix is created to record the confidence that any pair of clones
overlap with each other. Owerlap between clones is determined by both the num-
ber of restriction fragments that overlap and the length of the overlap. Considering
the number of overlapping restriction fragments is important because the greater the
number of common fragments, the more likely it is that the clones actually overlap,
and the less likely the similarities were by coincidence. The overlapping length be-
tween clones is valuable because several small restriction fragments could appear to
be overlapping between clones; when in actuality they are just random small segments
of DNA. If the fragments comprise a significant length of the clone, they are more

likely valid fragments, and the clones are more likely to overlap.
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The overlap value matrix consists of rows and columns, where each row and corre-
sponding column represent a clone. The overlap value matrix is a symmetric matrix
(Figure 5), meaning the values above the diagonal are equal to those below the di-
agonal. Therefore, it is only necessary to use half df the overlap value matrix. This
algorithm uses the overlap value matrix values from the diagonal down to the lower
left corner, making it a lower triangular matrix (Figure 6). The matrix cells contain
an overlap value describing the chance that any two clones overlap with each other.
This value is based on the number of restriction fragments the two clones share in
common compared to the total number of restriction fragments in each clone, as well
as the total length of the fragments in common compared to the total length of frag-
ments of each individual clone. If multiple enzymes are used to independently digest
the genome, each is considered and the average overlap value score for all enzymes is
placed into the overlap value matrix. This overlap value is calculated for each pair
of clones and the resulting values are placed in the overlap value matrix (Figure 7).
Each clone has an overlap value of 100%, or 1.00, of overlapping with itself, therefore
a “1.00” is placed in each cell on the diagonal. This overlap value matrix is used in

the scoring and ordering of the clones.

Figure 5: Symmetric Matrix
| 1.00 | 0.62 | 0.53 | 0.05
0.62 | 1.00 { 0.82 | 0.14
0.53 | 0.82 | 1.00 | 0.15
0.05 | 0.14 | 0.15 | 1.00




14

Figure 6: Lower riangular Matrix
1.00
0.62 1.00
0.53 0.82 1.00
0.05 0.14 0.15 1.00

Figure 7: Overlap Value Matrix

cloneO clonel clone2 cloneS cloned cloneS cloneG clone?
cloneO 1.00
clonel 0.66 1.00
clone2 0.66 0.85 1.00
clones 0.46 0.65 0.65 1.00
cloned 0.24 0.43 0.43 0.64 1.00
clones 0.15 0.34 0.34 0.55 0.65 1.00
clone6 0.15 0.34 0.34 0.55 0.65 0.79 1.00
clone? 0.00 0.07 0.07 0.28 0.38 0.52 0.52 1.00

The following formula is used to calculate the overlap value for each clone pair:
Overlap Value —

7# matching fragments'  matching length A\ /# matching fragments' matching length BV
\ # fragments A total length A J '\ # fragments Tl total lengthB I

~total enzymes

total enzymes

The overlap value is calculated by first taking the sum, for each enzyme, of the
average of the ratio of matching fragments to total fragments for clone A and the ratio
of length that matches for clone A to the total length of clone A plus the average of
the ratio of matching fragments to total fragments for clone B and the ratio of the
matching length for clone B to the total length of clone B. The average of this number
is taken, and then divided by the number of enzymes used to get the average overlap

value for all enzymes.
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Scoring

The scoring function is used to determine the score of a particular clone permuta-
tion, or a possible clone ordering. A given permutation is represented by the ordering
of the rows and columns in the overlap value matrix. The matrix is scored, and
the score associated with the given ordering is returned to aid in the ordering of the
clones.

The scoring function (Algorithm 1) is based on weighted values from the overlap
value matrix. The weight applied to a given overlap value is inversely proportional to
its distance from the diagonal in the overlap value matrix. uThis gives more credibility
to the values closer to the diagonal. Values that fall further from the diagonal are
discounted, but not disregarded, so these values have less influence on the score. If
the clones are in the proper order, overlapping clones will be adjacent to the clone
they overlap with, or to a group of overlapping clones. Clones that overlap should
have higher overlap values; these values will fall near the diagonal when the clones
are ordered correctly. This weighting of the values in the scoring is done so clones in

a more likely order will have higher scores than unordered clones.

Algorithm 1 Scoring the Overlap Value Matrix 4
First, step through the matrix columns, and find the zero’s.
Set any values that fall below a zero in a column to zero (discarded).
Next, calculate the score/cost using the following algorithm:
for k = 1 to size |
for i = k to size
ji=i-k
score = score + (matrixValue[i * size + j] / k)
return score
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The score is calculated by taking the sum of the overlap value matrix values,
weighting the values closer to the diagonal more than those nearer to the corner.
When the clones are ordered, this will force all of the higher values to migrate to
the diagonal, resulting in a higher score (Figure 8 and Figure 9). Once a zero is
encountered in a column, the rest of the overlap value values in that column are
discarded so they will not artificially improve the score (Figure 9). A zero in a
column represents a discontinuity (zero overlap). If the clones are in the correct
order, each cluster of overlapping clones will be separated by a discontinuity, or zero,
in the matrix. This zero-ing of the columns also helps force the higher values to the

center because these values are only considered in the final score if they fall before a

Zero.

Figure 8: Underlying Overlap Value Matrix
1.00
0.00 1.00
0.00 0.57 1.00
0.00 0.18 0.18 1.00
0.00 0.00 0.00 0.14 1.00
0.00 0.14 0.14 0.00 0.53 1.00

Figure 9: Ordered Overlap Value Matrix
1.00
0.18 1.00
0.18 0.57 1.00
0.00 014 0.14 1.00
(0.14) 0.00 0.00 0.53 1.00
0.00 0.00 0.00 0.00 0.00 1.00

The (0.14) will become zero since a 0.00 precedes it in column |1
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Ordering

The ordering algorithm finds the permutation of the clones that has the highest
score. The score of the permutation is determined by the scoring algorithm. Al-
though the true ordering may not have the absolute highest score, this is the best
approximation that could be made here.

Ordering is accomplished using a series of greedy searches with each clone, in
turn, being used as the starting clone for the search. From the starting clone, the
next clone is chosen by determining which of the remaining unordered clones has the
highest overlap value with the initial clone. This clone is chosen as the next clone in
the ordered sequence. The process is repeated with the next clone as the comparison
point. This is repeated until all clones are ordered. The resulting permutation is
scored. The order with the highest score from all derived orders is chosen as the best
ordering.

To better visualize the ordering algorithm (Algorithm 2), each clone can be repre-
sented as a node in a graph. The graph is fully connected, so each node is connected
to every other node by an edge. Each edge has a value, though the value may be
zero. It is assumed that since there is some order to the clones, that there will be
a path through the clones. When a node is chosen for the ordering, it is said to be
visited. Each node may only be visited once, and no node may remain unvisited.
Each node, in turn, is chosen as the starting node. From the starting node, the edge
value for each unvisited node is checked, and the node connected to the edge with
the highest value is chosen. This new node is the new pivot point from which the
next edge is checked, and the attached node is the next in the ordering. This process

is repeated until all nodes have been visited. The resulting order is then scored, and
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the permutation with the highest score is chosen as the best ordering. If multiple

orderings result in the same score, one permutation is arbitrarily chosen.

Algorithm 2 Graph Clone Ordering
Construct a fully connected graph such that:
each node represents a clone
each edge contains the overlap value associated with the nodes it connects
For each node i in the graph
mark all nodes as being unvisited
mark node i as the first node in the order
Repeat until all nodes have been visited
mark the current node as being visited
identify the longest edge connecting the current node to an unvisited node
mark the unvisited node connected to that edge as the next clone in the ordering

Overlap

The determination of overlap between clones is considered after the final ordering
is chosen. Whether or not there is overlap is determined by the deviation squared
value for each pair of clones. A deviation squared matrix (Figure 10) is created to
store these values for each set of clones. The deviation squared value is the sum of
the squared deviations from the sample mean of each value in the column up to, and
including the current value. The deviation squared value is found using the formula
vk (i — ?(;“k)2 . This value is also known as the sum of squares value; it reflects the
degree which numbers in a set vary among themselves. When there is no variability,
the deviation squared value will be zero, but as the variation between numbers in the
set increases, the squared deviation value will also increase. The deviation squared

value is used because it is easily calculated for each new value associated with the




19

clone pairs, and it clearly differentiates values that substantially stray from the sample
mean, while still accepting lower values which may only indicate less overlap, but not
lack of overlap, between clones. Once a zero is encountered in a column, all other
values are disregarded. A zero in a column indicates no overlap, or a separation of
clusters. In this case, a ‘9.00" is placed in the matrix cell when the value should be

disregarded.

Figure 10: Deviation Squared Matrix Example
1.00
0.33 1.00
0.45 0.09 1.00
9.00 0.37 0.37 1.00
9.00 9.00 9.00 0.1 1.00
9.00 9.00 9.00 9.00 9.00 1.00

The cutoff for accepting or rejecting a deviation squared value as an overlapping
value is determined by the strictness level chosen by the user. The suggested value,
as well as those for each level of strictness were chosen empirically based on real data
sets. The actual deviation squared value has less meaning than its representation as
a place where a drastic change in overlap values occurs.

The results of the overlap determination for each pair of clones is stored in a
binary overlap matrix (Figure 11). Figure 12 and Figure 13 show a deviation squared
matrix and a binary overlap matrix, respectively, for a small real data set. These
examples more clearly show how the deviation squared values are used to create the
binary overlap matrix. In this example, the standard cutoff value of 0.40 was used;
any clone pairs with deviation squared values greater than the cutoff are considered

non-overlapping.
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Figure 11: Binary Overlap Matrix
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Figure 12: Deviation Squared Matrix Example 2, Rea Data Set 9
1.00
0.10 1.00
0.14 0.00 1.00
0.19 0.13 0.10 1.00
0.22 0.20 0.13 0.00 1.00
0.24 0.25 0.15 0.03 0.02 1.00
9.00 9.00 9.00 0.13 0.11 0.12 1.00
9.00 9.00 9.00 0.52 0.50 0.39 0.11 1.00
9.00 9.00 9.00 0.82 0.76 0.55 0.29 0.29 1.00
9.00 9.00 9.00 0.98 0.86 0.60 0.30 0.44 0.30 1.00
9.00 9.00 9.00 1.09 0.92 0.63 0.30 0.49 0.43 0.01 1.00
9.00 9.00 9.00 1.23 0.97 0.67 0.30 0.57 0.50 0.03 0.01 1.00
9.00 9.00 9.00 1.29 1.03 0.69 0.30 0.60 0.53 0.04 0.02 0.02 1.00
9.00 9.00 9.00 1.38 1.11 0.73 9.00 0.63 0.55 0.06 0.05 0.06 0.09 1.00

Once the overlap matrix has been created, the amount of overlap must be deter-
mined for each overlapping pair. This amount is determined by taking the average
of the sum of all matching fragments for each enzyme. When multiple clones over-
lap, the amount of overlap between each clone is considered, and the average overlap
amount is used in the display. This gives an accurate depiction of the clone overlap
when the display clone length is viewed as the “Sum of Fragments”. When the “Aver-

age Clone Length” view is chosen, the previously calculated overlap amount is used
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to calculate a percentage of the total clone length that overlaps, and that percentage

of the supplied clone length is displayed as the overlapping section of the clone.

Figure 13:

OO OO OO0 —— — — — —

Binary Overlap Matrix Example 2, Real Data Set 9
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CHAPTER 5

SOFTWARE FEATURES

Using CloneOrder

Fingerprint data is imported into the CloneOrder program using the ‘Import’com-
mand. This makes the data available to be used and/or modified. The user is also
asked to supply a tolerance file. The tolerance file (Figure 14) contains information
about the accuracy of the fragment measurements. Although it is possible to mea-
sure the fragment sizes with extreme accuracy, changes in the technique, equipment,
or expertise of researchers may introduce some error into this measurement. The

tolerance file is used to account for this error.

Figure 14: Tolerance File Example

11

316 0.04
562 0.03
1000 0.025
1778 0.022
3162 0.021
5623 0.022
10000 0.024
13335 0.027
17780 0.04
23714 0.06
31620 0.10

The tolerance file contains error percentages for each range of restriction fragment

sizes allowing the algorithm to consider two fragments equal if they are within the
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allowed deviation. Figure 14 shows the accepted file format for a-tolerance file. The
first line contains the number of tolerances in the file, and the next lines contain
the largest fragment size, and associated error percentage. Looking at figure 14, we
see that any fragments up to and including 316 base pairs may contain a 4% error.
Fragments from 317 base pairs to 562 base pairs may contain a 3% error. These error
rates are only examples, and are specific to each laboratory.

The next step depends on whether there are known problem sizes in this genome.
If the genome contains retroposons, repetitive elements, or other known problem
fragment sizes, they should be filtered out before calculations are performed. Using
the ‘Filter’ command, the user can either add filters manua,lly, or add a filter file
containing the fragment sizes to be removed. Once the desired filter is added, the
user will choose the ‘Filter Data’ command to remove the problem fragment sizes from
the imported fingerprint. This will not alter the original fingerprint file, but instead
will create a filtered fingerprint file which will be used in subsequent calculations.

After the fingerprints have been imported and if necessary, filtered, the overlap
value information must be calculated. This is done by choosing the ‘Calculate Proba-
bilities’ command. Since this step is often the most time consuming computationally,
it is done separately, and the information is saved in a file for future use by the order-
ing portion of the program. This step may not be necessary in subsequent orderings
of the same genome, provided no changes have been made.

The ordering portion of the program is run by choosing the ‘Order Clones’ com-
mand. This step uses the overlap value information to place the clones in the most
likely ordering. After the ordering calculations have been performed, the clones are

graphically displayed, showing the overlap between pairs of clones.
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Order Properties

The ‘Order Properties’ pop-up menu allows the user to change the display of
the clone layout. This may be necessary due to differences in the complexity of the

genome, the information desired, or personal preferences.

Figure 15: Order Properties Pop-Up Menu

Onler Properties
Clone Length Displayed

(> Sum of Fragments
O Average Clone Length

[-Clone Layout Type-
O Nestled
® Inline

-Overlap Strirtness-

more overlap . less overlap
1 7 8

Clone Length Display

In the AFLP technique, the sum of the fragments in a clone is not the same as
the total clone length. This is because many of the fragments do not fall within the
chosen size range, or selection criteria, and are not included in the AFLP data. For

this reason, the clone lengths may be displayed in two ways; the length may be shown
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as the sum of the fragment lengths, or it may be displayed as an average clone length
supplied by the user. The average clone length display shows a more realistic overall
picture, but does not differentiate the number of fragments contained in each clone.
The “Sum of Fragments” clone length display clearly differentiates clones that contain
very few fragments from those with many fragments, making it easier to judge the

validity of each clone in the contig.

Inline/Nestled Clone Display

The user also has the choice of displaying the clones ‘inline’ or ‘nestled’ (Figure
16). The inline display lines the clones up, one per line, with the starting position
offset to show overlap between clones. This may be useful if you were interested in
clones around a particular section of the genome, or if the actual order was more
important than the overlaps. The nestled layout is more common, and it shows
neighboring clones placed on the same line, next to each other, unless they overlap.
Overlapping clones are drawn on the next available line, assuring the that full length
of each clone is visible. This layout clearly displays the clone coverage of any section

of the genome, as well as neighboring clones to a particular segment of the genome.

Figure 16: Inline and Nestled Clone Display

Inline Clones Nestled Clones
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QOverlap Strictness

The overlap strictness is one of the most important user choices in the Order
Properties menu. The overlap strictness slider allows the user to adjust the cutoff
that determines whether two clones overlap or are disjoint. This option is useful to
account for genome complexity, and to adjust the accuracy desired in the final map.
If higher strictness levels are chosen, less overlap will show between clones, but those
that are overlapping will have a higher certainty of overlap. If lower strictness levels
are chosen, the algorithm is much more lenient in its definition of overlap, and some
clones could possibly be shown to overlap ‘When in actuality, they should be disjoint.
A lower strictness level is useful if a batch characterization is going to be done, and it
would be easier to test any possibly overlapping clones, rather than go back and re-do
them later. The suggested level of strictness is a “5”; this allows the most overlap,

with the least errors for typical plant genomes.

Clone Color
The clone color option is given for personal preference. This changes the display

color for the clones in the contig map.

Reverse Order

Since the algorithm doesn’t have any information about the starting or ending
clone; one clone is chosen and the others are -ordered appropriately following that
clone. This could result in a reversed map, where the last clone is displayed as the
first clone. If a partial ordering, or the start of the contig is known, and the map
appears to be reversed, it may be easier to visualize if all of the clones were placed
in the correct direction. Choosing the “Reverse” option simply reverses the current

ordering, allowing the user to visualize the clones in a more accurate physical map.
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Other Features

Slider Bar/Red Line

The slider bar is located above the ordered clones in the final map (Figure 17). By
dragging the pointer on the slider bar, a red line will appear and can be moved along
the genome. Place the red line in a desired location and hold the mouse arrow over
the line, and the base pair size at that location will be displayed. This red line can be
used to visually identify coverage of any section of the genome, determine overlap on

closely located clones, and to determine the size or location of specific clones along

the genome.
Figure 17: Slider Bar, Size Line
0 2750 5500 8250
clone? clones
clones ctoneo ?
CloneO

Drive-Over Clone Names
Occasionally a clone’s display will be too small to fit the entire clone name inside.
In this case, the name can be determined by placing the mouse arrow over the clone;

the clone name will then be displayed (Figure 18).



28

Figure 18: Drive-Over Clone Name

0 2750

clone?

2
done clones

cloneG

Save Order and Import Order

If a clone map is created that the user would like to refer to at a later time, the
ordering may be saved, and imported at a later time. To use this option, create the
map you would like to save, then simply choose ‘Save’ or ‘Save As’, and save the order
as an “.ord” file. To re-display the order, simply use the “Import Order” command

and import the appropriate order file (.ord).
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CHAPTER 6

RESULTS

Ordering and overlap tests were run on both synthetic data and real data sets.
The real data provided a more accurate view of the algorithm’s performance because
the data was created using the methods this software was designed to utilize. The true
order and oirerlap were not known for the real data sets, so performance in the real
data sets was judged by visually inspecting the fingerprints for similarities between
clones. Synthetic data sets with known orderings and overlap amounts were used to

test the accuracy of the ordering and overlap algorithm.

Ordering and Overlap

In order to test the accuracy of the ordering and overlap results produced by
CloneOrder, several synthetic data sets were created. The true order and overlap
amounts are known for each data set, so the computed results can be compared to
the known data.

Several tests were performed on various genome sizes, with a varying number of
clones and clone coverage. In each case, no tolerances were included in the tolerance
file, so only exactly matched fragments were considered matching. The strictnesé
level was set at the default value of ‘5’ for each example shown. The average fragment
length (shown as “Avg. Frag. Length” in Tables 1 and 2) was changed for each set to
show that-a particular fragment length is not necessary; the difference between them
was negligible.

The clone coverage is the expected number of clones representing any given section

of the genome. A clone coverage of bx indicates 5 clones are expected to represent




30

any section of the genome. Several clone coverage amounts were tested, the examples

shown have average clone coverages of 5x and 3x. A clone coverage of 2x produces

good results, but these results contained more disjoint orderings due to lack of overlap

between clones in the orderings.

Overlap Results

False Positives: 0
False Negatives: 63

False Positives: 0
False Negatives: 68

False Positives: 0
False Negatives: 79

Table I: Order and Overlap Results for 5x Coverage
Input Data Order Results
Sr 1 1T 1T1T1T1L1TT I+
45 X
Data Set |
Genome Length: 400,000
Number of Clones: 50
Clone Length: 40,000
Avg. Frag. Length: 450
éi_ |X|+m
0 20253035404550
e order
£SO o O T N Y O IO (O I A
45 - H+-
Data Set 3 [ |
Genome Length: 200,000
Number of Clones: 50
Clone Length: 20,000
Avg. Frag. Length: 350
5 - 4H
O# 1l o« « 1L 1 1 11 14
0510152025 30354045 50
true orcker
5O NN I T T Y A I I I I
4 - X
Data Set 5 n
Genome Length: 100,000
Number of Clones: 50
Clone Length: 10,000
Avg. Frag. Length: 400
oL I | " 149
05101 253035404550

tre orcer
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The ordering results were graphed on an X-Y axis with the y-axis representing the
computed order, and the x-axis representing the true clone order. If the computed
clone order matches the expected order, the clones should form a perfect diagonal

line from the lower left hand corner to the upper right corner.

Table 2: Order and Overlap Results for 3x Coverage
Input Data Order Results Overlap Results

5f (I i 4
y 20 - ++
Data Set 2
Genome Length: 400,000 1
Number of Clones: 25 5. - False Positives: |
Clone Length: 50,000 | ' False Negatives: 16
Avg. Frag. Length: 450 '

QLI I I 1+
0 5 10 5 20 5
true order
5r I | 4 | 4
Data Set 4 u
Genome Length: 200,000
Number of Clones: 25 | [ | False Positives: 0
Clone Length: 25,000 | ' ' False Negatives: 11
Avg. Frag. Length: 350 L '
QL I I+ | 1
0 5 10 5 20 X5
true order
5r | I | I +
Data Set 6 u
Genome Length: 100,000
Number of Clones: 25 B False Positives: 0
Clone Length: 12,000 $ 1 ' False Negatives: 16
Avg. Frag. Length: 400 1 '
04+ | I ' ' 1

0 5 10 B 2 X5

true order
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The overlap results are shown as the number of computed false positive and false
negative overlaps between clones. A false positive occurs when a clone pair is said to
be overlapping when there should be no overlap between the clones. A false negative
occurs when a clone pair is said to be disjoint when they should be overlapping.
Since the strictness level can be adjusted by the user, the overlap strictness level can
be lowered to decrease the number of false negatives at the risk of increasing the
false positives. False positives are considered worse than false negatives because they
suggest that a researcher can characterize less clones for the desired final coverage
when in actuality the clones will not be overlapping. Table 1 shows the overlap results
for clone orderings with 5x coverage and Table 2 gives the overlap results obtained for
clone orderings with 3x coverage. The number of false positives appears to increase
as the number of clones and the clone coverage increases. Decreasing the strictness
level a small amount for these data sets dramatically decreases the false negatives,
but also introduces false positives.

The ordering results for each data set shown in Table 1 were nearly perfect. In
each case, the sections that were not perfectly ordered can easily bé explained by
looking at the fingerprint data. In Data Set 1, there was one reversal where clones
16 and 17 were in reversed order. These two clones were identical except for the very
first and last fragments, meaning only the starting and ending positions were slightly
different. This is also the case with the reversals seen in Data Set 3 and Data, Set 5.
Data Set 1 also shows clones 48 and 49 separated from the rest of the clones in the
order. Looking at the fingerprint data, these two clones overlap with each other, but
neither clone overlaps with any other clone in the ordering, therefore it is expected
that they would be disjoint. The entire orderings for Data Set 3 and Data Set 5 are

reversed. Since there are no set clones for the starting or ending positions, this can
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not be prevented with this algorithm.

The ordering results for the clones with 3x coverage, shown in Table 2, are also
nearly perfect. The ordering for Data Set 2 is correct but the entire genome is reversed.
The orderings in Data Set 4 are also completely reversed. Data Set 6 has one clone
reversal where clones 22 and 23 are switched. These clones are nearly identical except
the very beginning and the end of the clones, therefore, it would be expected that
either clone could fall before the other in the final ordering. Data Set 4 shows two
disjoint orderings. The first ordering contains clones zero through fourteen in perfect
order, and the second ordering contains clones fifteen through twenty-four in their
correct order. Looking at the fingerprint data generated, it was clear that there was
no overlap between clones 14 and 15, and no other clones between the two orderings
overlapped with each other. It is possible that the lower coverage in this data set

allowed too few clones to fall within this section of the genome.

Running Time

Time calculations were done on a number of real and synthetic data sets in order
to get an idea of the typical running time the user would encounter. All of these
tests were run using system clock time, which does not take into account any system
induced waits that may have occurred. Several time trials were run for each data set,
the average time is shown rounded to the nearest millisecond (Table 3 and Table 4).
All times were fairly similar, with no outliers for any of the time trials.

Calculations done on a data set take the longest on the first time because many
variables are instantiated, and arrays are set-up. Subsequent calculations, with the
original information imported, often take about half as long to complete. The times

used here are all from first calculations on the data. The amount of memory allocated
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to the JRE does not significantly affect the running times for the data sets tested. It
is likely that none of the test data sets alone reached the maximum memory allocated
even when it was as low as 16MB. These tests were run singly, re-opening CloneOrder
for each test. There was a notable difference in running time when using the IBM
Java Runtime Environment compared with the one created by Sun Microsystems; the
Sun Microsystems JRE was considerably faster. Tables 3 and 4 show running times
tested on a 500 Mhz computer running Red Hat Linux 7.0 with 128 MB memory

allocated to the Sun Microsystems JRE.

Table 3: Synthetic Data Time Trials

Data Set Genome Number Calculate Calculate
Length of Probabilities Order
(base pairs) Clones  (milliseconds) (milliseconds)
Tl 400,000 50 798 2222
T2 400,000 25 639 704
T3 200,000 50 390 644
T4 200,000 25 339 683
T5 100,000 50 783 2278
T6 100,000 25 329 682

Table 4: Real Data Time Trials

Data Set Number Calculate Calculate
of Probabilities Order
Clones  (milliseconds) (milliseconds)
RI 31 560 1009
R2 25 500 685
R3 18 226 310
R4 14 184 275

R5 9 133 144
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CHAPTER 7
CONCLUSION

The increase in automation of the techniques used to acquire data in the biolog-
ical science field has led to an overwhelming amount of data to interpret by hand.
The CloneOrder software described in this thesis will aid in the physical mapping
of genomes by ordering and determining the overlap of clones based on their AFLP
fingerprint data. The algorithm in this software orders the clones based on the fin-
gerprint similarity between clones. Clones that share similar fingerprint patterns are
likely to have been derived from the same segment of the original genome. This infor-
mation is used to create an overlap value matrix that shows the confidence of overlap
between any two clones. Permutations of this matrix are scored, and the final order-
ing is determined by this score. The overlap value matrix and the ordering of most
data sets can be computed in under two seconds on a 500 Mhz computer. CloneOrder
returns a graphical display of the clone order and the overlap between clones. This
information can then be used to choose specific clones for further characterization or

genome sequencing.
Future Work

The CloneOrder software was created specifically for the data created by the
Plant Molecular Genetics department at Montana State University. Although many
laboratories may use the same data format, not all laboratories would have the same
input information. A common technique used to retrieve sizing data is to extract
the data from scanned gel images of the BAC’s restriction digests. Although this

technique is very laborious, and does not give precise sizing information, it may be




36

valuable for CloneOrder to allow input from this type of data so the software will be
accessible to a greater number of researchers.

Another option that may be useful to include in this software would be some
editing functions. If a researcher determines that one or more clones in the contig
should be removed, this can currently only be done by removing the clone, and re-
importing the data. Editing functions will allow the user to remove questionable

clones, and re-order the remaining clones.
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