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Abstract

It is not a trivial task to decide whether a given short tandem repeat is polymorphic
enough to function as a genetic marker. Our main objective is to obtain a large
number of tandem repeats that are as highly polymorphic as possible. By apply-
ing machine learning to the Genethon human genetic map, we determine the factors
or features that may affect the polymorphism (heterozygosity) of dinucleotide tan-
dem repeats. We then use a hybrid approach which combines a K-Nearest Neighbor
classifier and two artificial neural networks trained on the feature data of Genethon
markers to predict the polymorphism of a given dinucleotide tandem repeat. This ap-
proach was validated on the human chromosome 21 and 22 sequences and one DNA
segment from human chromosome 12 which is suspected to contain some myopia-
related genes. The result shows that our approach achieves a high accuracy of 93%
in predicting high-polymorphic DTRs (whose heterozygosity is higher that 50%).
Our main contribution lies in helping to speed up the construction of a denser ge-
netic map for haplotype mapping and genomewide linkage disequilibrium studies of
complex diseases. In addition, our work brings about a better understanding of the
mutation pattern of short tandem repeats by identifying their polymorphism factors.
To the best of our knowledge, our work is the first application of machine learning to
the problem of computationally selecting candidate DTRs for validation as genetic
markers.
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1 Introduction

Genetic markers play an important role in the localization of human disease loci in positional
cloning. Microsatellites or short tandem repeats (STRs) have been the markers of choice since
1989, and several thousands of such polymorphic markers have been identified ([7, 9, 13, 24,
43, 44]). Characterized by high levels of polymorphism and by a large number of alleles, such
markers provide ideal tools for pedigree-based linkage analysis. They have also been exploited for
population and evolutionary genetics studies. The current widely used method for identification
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of new polymorphic STRs is wet lab (PCR) based, and suffers from the disadvantages of time-
consuming procedure and dependency on large-scale mapping facilities and genomic DNA from
multiple individuals.

Our main objective is to obtain a large number of tandem repeats that are as highly poly-
morphic as possible, since high polymorphism greatly facilitates gene-disease mapping. With
the availability of the draft human genome sequence ([27]) and the knowledge accumulated on
the polymorphism of tandem repeats, it is now possible to develop computational methods to
find tandem repeats and predict the polymorphism of a tandem repeat within a single genomic
sequence. The degree of polymorphism of a genetic marker is measured by the metric heterozy-
gosity which is defined as H = 1 — Y_ p?, where the sum is taken over all alleles of the marker
with p; denoting the frequency of the i-th allele. Although several software tools ([14, 4, 32, 22])
have been developed for finding tandem repeats within DNA sequences, there have been few
research efforts on developing tools for predicting the polymorphism of STRs. We found only
one such computational system ([11]), known as POMPOUS, which has been developed for the
prediction of polymorphic loci directly from human genomic sequence. However, POMPOUS was
designed to distinguish between polymorphic and non-polymorphic STRs, whereas our work aims
to distinguish between high-polymorphic STRs and low-polymorphic ones (which may include
non-polymorphic STRs). Moreover, POMPOUS’s criteria for polymorphism is directly based
on the threshold number of repeating units and minimum homogeneity without any analysis of
other polymorphism factors. The prediction accuracy for the polymorphism of their sample data
(containing 33 loci) is 67%, and the average heterozygosity of the polymorphic loci is only 42%.
On the other hand, we could not find any previous work on predicting high-polymorphic STRs.

In this paper, we propose a machine learning approach to specifically predict the polymor-
phism of dinucleotide tandem repeats (DTRs) which are abundantly distributed in the human
genome ([8]). As the well-known Genethon human genetic map ([7]) contains all known poly-
morphic DTRs (so-called Genethon markers), our work would be able to improve the density
of the map. To fulfill the task, we first identify a list of factors or features that may affect the
polymorphism of a DTR. These may include repeat length, repeat complexity, repeat composi-
tion, and some features of its flanking sequence (A review of polymorphism factors is provided
by Schlotterer ([35])). We use K-Nearest Neighbor (K-NN) method to select the features that
best predict the heterozygosity of a DTR by learning from the Genethon markers with known
heterozygosity. Then, we use the combination of K-NN method and artificial neural networks to
predict the heterozygosity of a novel DTR based on its selected features. A high heterozygosity
(> 50%) implies high polymorphism; otherwise, low polymorphism is implied by a low heterozy-
gosity (<= 50%). This approach was applied to all DTRs that are detected from chromosome 21,
22 and a segment of chromosome 12 using a publicly available program Tandem Repeat Finder
(TRF) ([4]). The wet lab validation result shows that our approach achieves a high accuracy
of 93% in predicting high-polymorphic DTRs. Our main contribution lies in helping to speed
up the construction of a denser genetic map for linkage analysis. In addition, our work brings
about a better understanding of the mutation pattern of STRs by identifying their polymorphism
factors. To the best of our knowledge, our work is the first application of machine learning to
the problem of computationally selecting candidate DTRs for validation as genetic markers.

2 Data

From the Genethon genetic map ([1, 7]), we have downloaded the DNA sequences (which are
composed of tandem repeats and flanking sequence) of a total of 5264 Genethon markers. The
markers have a mean heterozygosity of 70%. We used TRF (with the input parameters as 2,
7, 7, 80, 10, 3, 2) to detect the DTR within each marker. As the TRF program is based on



Classlabel 1 2 3
Heterozygosity(%) | (0,50] | (50,80] | (80, 100]
Number of instances | 338 3591 909

Table 1: 3 Classes of Genethon markers

an heuristic approach, 4838 DTRs, denoted as set GG, were found to be located between the
primer pairs of the corresponding markers and taken as our polymorphic DTR examples. For
our purpose, based on the different ranges of heterozygosity of the Genethon markers, we classify
them into 3 classes. The range of heterozygosity and the number of instances of each class of
G are shown in Table 1 where class 1 represents the DTRs with the low polymorphism while
classes 2 and 3 represent the high-polymorphic and very high-polymorphic D'TRs respectively.

3 Determination of Features Affecting Polymorphism

It has been a long run for researchers to identify the factors that affect the polymorphism of
microsatellites. The underlying mutational process may be responsible for the high variability
of alleles of microsatellites. Microsatellites have been estimated to mutate at a rate of between
10% and 10° mutations per gamete ([9, 26]). However, the mutational mechanisms are complex
and still poorly understood. Two main mechanisms have been suggested to explain the high
mutation rate of microsatellites. The first is recombination between DNA molecules by unequal
crossing-over or by gene conversion ([37, 18]). The second mechanism involves slipped-strand
mispairing during DNA replication ([23, 36]). There are other analysis contributing to the
variation and mutation of microsatellites ([25, 6, 12, 41, 10, 16]). In summary, it has been observed
by researchers that the length and composition of a microsatellite repeat may have an effect on
its polymorphism. Microsatellites with a larger number of repeats are more polymorphic than
those with a smaller number, and microsatellites with a high AT content are more polymorphic
than those with a GC content. Complexity of repeat sequences may also affect the polymorphism
of microsatellites. That is, the microsatellites that contain interruptions within the repeat or
contain more than one type of repeat are less polymorphic than those simple microsatellites. In
addition, there are also evidences that the polymorphism of a microsatellite may be correlated
with its flanking sequence ([34, 20, 33]). Despite the above preliminary conclusions, it is still
difficult for us to list all determinant factors for the polymorphism of microsatellites due to the
complex mutation pattern of microsatellites.

Our work begins with the investigation of the polymorphism factors of DTRs by applying
machine learning to the known polymorphic DTRs — Genethon markers. For each marker
in G, the features listed in Table 2, denoted as F', can be computed from the DNA sequence
of the marker and the output of TRF program, and are considered to possibly determine its
heterozygosity. Among these features, fi, fo and f3 (representing repeat complexity together),
and f; have been suggested in the literature to be real polymorphism factors, while f5, fs, f7 and
fs are just guesses based on our experience. The task is then to choose some subset of features
from F' that can best distinguish high-polymorphic DTRs from low-polymorphic ones. This is a
typical feature selection task in the field of machine learning. In our work, each input feature is
normalized to zero mean and unit standard deviation.

To select the relevant polymorphism features, we applied K-Nearest Neighbor (K-NN)([28])
method which has been proven to be quite effective when it is provided with a sufficiently
large set of training data. Our feature selection algorithm aims to select those features that
can best separate classes in G from each other, and takes into account possible dependencies



fi repeat length

f2 percentage of matches between adjacent copies overall

f3 the alignment score (obtained from TRF)

fa percentage composition of “A+T”

fs percentage composition of “A+T” of its flanking sequence

fs the number of short tandem repeats found in its flanking sequence

f7 | the length of the longest contiguous “C+G” content in its flanking sequence
fs | the length of the longest contiguous “A+T” content in its flanking sequence

Table 2: Features suggested to affect the polymorphism of a microsatellite

Target class | Selected features | Highest prediction accuracy (%) | K value
Class 1 {f1, f2} 98.5 50
Class 3 {f1, f3, f5} 62.7 15
Overall {f1, fa, f3, f5, f1} 51.5 25

Table 3: Prediction accuracy of K-NN classification with selected features on testing data

among the features. Specifically, we are most interested in those features that best predict high
heterozygosity in Genethon markers and those that best predict low heterozygosity in Genethon
markers. In addition, we want to ensure that the heterozygosities of our high-polymorphic DTR
candidates are as large as possible. Hence, we only find features that can best predict very high-
polymorphic DTRs (i.e., class 3 in G) and low-polymorphic ones (class 1 in ). In our approach,
we select these two sets of features separately since they are meant for separate tasks. A number
of feature selection algorithms have been proposed in the field of machine learning ([17, 21]). We
used a modified version of the sequential forward selection method (SFS) ([19]).

To select the features for predicting high heterozygosity in Genethon markers, the algorithm
basically runs as follows: We randomly choose 20% markers of class 3 as testing examples. For the
training examples, we collect an equal number (as many as possible) of markers from each of the
other two classes as well as the remaining 80% of class 3. Then, we iteratively test the prediction
accuracy (the ratio of the number of testing examples in class 3 that are correctly classified) of
a K-NN classifier (K value can be adjusted) with a candidate feature vector decided by us. The
classifier uses the standard Euclidean distance as its distance measure. The algorithm starts with
a single candidate feature f; since we are certain that this feature affects the polymorphism of
STRs ([23, 5, 30]) . The candidate feature vector in the next iteration is decided by adding one
more feature to the previous candidate feature vector such that the prediction accuracy acquired
by the corresponding K-NN classifier is the highest. The algorithm stops if no more features can
be added into the candidate feature vector such that the prediction accuracy can be improved.
In this way, the final candidate feature vector contains all selected features that may predict high
heterozygosity of DTRs. The algorithm works similarly to select the features for predicting low
heterozygosity of DTRs. Furthermore, we also run the algorithm to select the features that can
best discriminate the 3 classes overall (The prediction accuracy is the ratio of the total number
of the testing examples in all 3 classes that are correctly classified). We present the selected
features with the highest classification accuracies in Table 3.

The results in Table 3 show that 98.5% of the markers with low heterozygosity can be distin-
guished by two features: repeat length and percentage of matches between adjacent repeat copies
(which can be taken as one measure of repeat complexity) whereas 62.7% of the markers with
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Figure 4.1: Machine learning algorithm for prediction of polymorphic DTRs

high heterozygosity can be identified by using three features: repeat length, alignment score of
repeat copies (which can be another measure of repeat complexity) and AT content of flanking
sequence. This suggests that the flanking sequence may play a significant role in the high vari-
ability of microsatellites. For the “overall” target class, one more factor from flanking sequence,
length of the longest contiguous CG content in flanking sequence, may affect the polymorphism
of microsatellites.

4 Prediction of Polymorphism of Novel DTRs

Artificial neural network (ANN) ([28]) is one of the widely used machine learning approaches in
bioinformatics and it is also the earliest technique applied to the field of biological analysis ([39]).
In this section, we apply a hybrid approach of K-NN and ANN to predict the polymorphism of
novel DTRs using the polymorphism features determined in the previous section. The candidate
high-polymorphic or low-polymorphic DTRs are then verified in wet lab.

4.1 Prediction algorithm

We propose a machine learning algorithm for the prediction of high-polymorphic DTRs, denoted
as MLAP, shown in Figure 4.1. Given a set of novel DTRs, as K-NN method achieves a high
accuracy for prediction of low-polymorphic DTRs according to Table 3, MLAP first filters out
the low or possible non-polymorphic ones from the input set using a K-NN classifier. Those
DTRs which are classified as class 2 and 3 by K-NN classifier are fed to ANNs for further
identification. To increase the confidence of the prediction, MLAP employs two ANN classifiers:
backpropagation neural network (BNN) ([31]) and probabilistic neural network (PNN) ([38]),
which differ in the adopted learning algorithms. Only those DTRs that are classified as class
3 by both networks are reported as high-polymorphic ones. Again, this is to ensure that the
heterozygosities of our high-polymorphic DTR candidates are as large as possible. Before we use
the ANNs to do practical prediction, we first train and test them using the same training and



Target class | Input features | ANNs | Test accuracy rate (%)
BNN 64.7
class 3 {f1, f5, f5} PNN 60.3

Table 4: Prediction accuracy of ANN classification with determined features on testing data

Total sequence Density of

Chromosome | Number of contigs | length (kb) | Number of DTRs | DTRs (/kb)
21 ) 34704 2640 0.076
22 10 34232 1927 0.056
12 18 10468 789 0.075

Table 5: Number of DTRs detected in source data by TRF program

testing examples as for K-NN method in Section 3. Details about the structure and algorithm
used for two ANNs are presented below where the ANNs were implemented using MATLAB
Neural Network toolbox.

BNN We adopt a two-layer backpropagation neural network which is trained by the steepest
descent algorithm with adaptive learning rate and momentum training. Neurons in both the
hidden layer and the output layer use the sigmoid transfer function. In our experiments, we used
MATLAB’s default training parameters except for setting the momentum coefficient to 0.9. The
highest prediction accuracy is achieved when the hidden layer contains 20 neurons.

PNN Probabilistic neural network is radial basis network and can be used for classification
problems. The performance of a PNN varies with its parameter spread. In our experiments, we
set all training parameters as MATLAB’s default. The highest prediction accuracy is achieved
when spread is set to 1.

The test accuracy result for prediction of very high-polymorphic Genethon markers using the
two networks is presented in Table 4.

4.2 Experimental Dataset

From the Genbank website ([2]), we downloaded the completed draft DNA sequences (build 26)
of human chromosome 21 and 22. As our research involves finding myopia-related genes, we
also downloaded one DNA segment of chromosome 12 (build 29) ranging from 83 Mb to 95 Mb
which has been considered as a critical region where candidate genes responsible for myopia may
be found. (A suspected gene decorin associated with myopia has been reported in [45] and is
located in this region.) Then we performed TRF (with the input parameters as 2, 7, 7, 80, 10, 3,
2) to detect DTRs within these DNA sequences. The respective number of novel DTRs detected
in each chromosome is summarized in Table 5. Note that due to the size limitation of input
sequence (< 5 Mb) for TRF, we have splitted those contigs larger than 5 Mb into shorter and
overlapped segments. Our task is now to apply MLAP to predict the polymorphism of 3 set of
DTRs.



4.3 Results and Validation

As described above, we have taken 3 sets of DTRs found in chromosomes 21, 22 and 12 respec-
tively as input to the MLAP. The number of predicted high-polymorphic and low-polymorphic
candidate DTRs is summarized in Table 6 where “HP” represents high-polymorphic while “LP”
represents low-polymorphic. Due to resource limitation, we are unable to verify all candidates
through experiments in wet lab. Thus, we randomly chose 9, 8, and 25 DTRs from 3 “HP”
candidate sets and 10, 7 and 15 DTRs from 3 “LP” candidate sets for wet lab testing.

Number of Prediction

predicted candidates Number of Number of accuracy of

of MLAP tested candidates | validated prediction | MLAP (%)
Data source | HP LP HP LP HP LP HP | LP
Ch21 94 1077 9 10 9 10 100 | 100
Ch22 74 756 8 7 8 3 100 | 43
Ch12 31 304 25 15 22 7 88 47
Total 199 2137 42 32 39 20 93 63

Table 6: Prediction results of MLAP and the wet lab validation results

Oligonucleotide primers for these selected candidates were designed using the Primer3 pro-
gram ([3]). PCR products were double-strand labeled by incorporation of fluorescent nucleotides.
DTR sizing on an automated capillary sequencer (Megabase, MolecularDynamics) was per-
formed. For a Chinese population of 24 individuals, we obtained the heterozygosity of each tested
DTR. From Table 6, MLAP achieves a high accuracy of 93% in predicting high-polymorphic
DTRs (this is the ratio of the number of DTRs with heterozygosity higher than 50% over the to-
tal number of tested candidates in “HP”). The average heterozygosity of the 39 high-polymorphic
DTRs predicted by MLAP is 74% (SD 4+ 11.5%) (see Appendix A—Table 7(a) and 7(b)). In
addition, MLAP’s accuracy in predicting low-polymorphic DTRs is 63% (this is the ratio of the
number of DTRs with heterozygosity lower than 50% over the total number of tested candidates
in “LP”). The average heterozygosity of these 20 low-polymorphic DTRs is 13% (SD + 14.4%)
(see Appendix B—Table 8).

From the wet lab validation results, we observe that MLAP achieves a much lower accuracy
for low-polymorphic DTRs compared to the KNN results in Table 3. This could be due to the
following reasons:

(i) Instead of learning from both polymorphic and non-polymorphic (with a heterozygosity
of 0%) DTRs, MLAP learns from the Genethon markers which are all polymorphic (the
average heterozygosity is 70%) while a large number of novel DTRs are non-polymorphic
in the real world.

(ii) The Genethon markers are derived from a Caucasian population while our wet lab tests
are based on a Chinese population. It is known that the degree of polymorphism of a STR
may vary with different populations [40].

We believe that the prediction of MLAP would become more precise with the availability of more
diverse training data in the future.



5 Conclusion and Future Work

STRs are widely used as genetic markers for DNA profiling of individuals and for mapping
genes for diseases and traits. DTRs in particular are useful for genetic linkage and association
studies because of their potentially high polymorphic content, as well as their relative abundance.
Currently only about 3% of all DTRs have been documented for use as markers. We have applied
a machine learning approach, MLAP, to predict the polymorphism of a DTR. This approach can
be directly applied to prioritize among the DTRs to be experimentally validated as genetic
markers, and to help construct a denser genetic map faster and more efficiently. With the fully
sequenced human genome, this would be useful for haplotype mapping and genomewide linkage
disequilibrium studies of complex diseases. In our future work, we may improve MLAP in the
following aspects:

(i) Currently, MLAP is based on a hybrid approach where one K-NN classifier and two ANNs
are utilized. We may add more classifiers such as support vector machines (SVMs) ([42])

and other ANNs with various learning algorithms and parameters to improve the prediction
accuracy of MLAP.

(ii) Instead of using the intersection results from two ANNs to predict the high-polymorphic
DTRs, we may use soft voting from multiple classifiers to determine whether a given DTR
is polymorphic. In the soft voting method, the prediction result of each classifier contains
a voting value (say, from 0 to 1) associated with each class rather than a single class label.

(iii) The training data sets for classifiers can be expanded to contain the validated true non-
polymorphic DTRs so as to improve the accuracy for predicting non-polymorphic DTRs.

We have also used a feature selection method to identify the factors that may affect the
polymorphism of microsatellites. Our work suggests that one additional factor, AT content of
the flanking sequence of a repeat, which has never been found in the previous research, affects
the high polymorphism of a microsatellite. We may study further to investigate its effect. On
the other hand, while the current feature selection method SFS is simple and straightforward,
we may use more sophisticated methods such as the sequential forward /backward floating search
methods (SFFS/SBFS) ([29]), and the genetic algorithm (GA) ([15]) in the future. Hopefully,
the machine learning approach may help biologists to understand the real mutation mechanism
for microsatellites.

Currently, our approach only applies to DTRs. However, with the public data available, it
can be easily extended to predict the polymorphism of other types of microsatellites such as
tri-nucleotide tandem repeats and tetra-nucleotide tandem repeats.
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Appendix A - Validated High-Polymorphic DTRs in Wet
Lab

All predicted high-polymorphic DTRs by MLAP that have been validated in wet lab are listed in
Tables 7(a) and 7(b). Note that in Table 7(a), ch22M8 has been found to be a known Genethon marker.

Location

(chromosome Heterozy-

Cocation Marker ||kb) Type | gosity (%)
(chromosome Heterozy- ch12M1 | ch12|/82338 CA 7
Matker i) Type | gosity (%) || P22 | chi2[82138 | CA 82
oM | T | A 76 ch12M3 | chi2|82424 | CA 63
ch2IM2 | ch21||16279 | CA 62 ch12M4 | chi2]|83182 | GA ol
oINS | chzi[i6120 T OA = ch12Mb | chi2||83159 | CA 72
21N | cE2]Z7505 T GA = ch12M6 | chi2|[83152 | GA 81
h21M5 | ch21][30406 CA 90 ch12M7 | ch12|/83578 CA 78
21M6 2133367 T CA = chi2M8 | chi2||85643 | CA 54
ch2IM7 | ch21][30046 CA 35 ch12M9 | ch12||85775 CA 79
E21MB | ch21[38014 | AT = ch12M10 | chi2||85660 | CA 79
GoTMD | cho1]39887 | CA — chi2MIl | chi2|[84944 | CA 64
oM bz 40982 | AT % ch12M12 | chi2||85433 | CA 57
oMz | 2247103 T GT — ch12M13 | chi2|[85262 | CA 72
22N | cho2]21208 | CA o ch12M14 | chi2||85338 | AT 84
ch22M4 | ch22][33814 | GA 73 ch12M15 | ch12||86690 CA 52
doaMs | chz2[34236 | CA = ch12M16 | chi2|[86795 | CA 72
GooMe |22l | A = ch12MI17 | chi2|[86284 | CA 73
oM 2234260 T GA = chi2MI18 | chi2|[93464 | CA 76
oM | hz2[3703T T A = chi12M19 | chi2|[82281 | AT 87
ch12M20 | chi2|[85767 | GA 93
(a) chromosome 21 and 22 DTRs ch12M21 | ch12]|84915 CA 68
chi2M22 | chi2||86317 | GA 71

(b) chromosome 12 DTRs

Table 7: Validated high-polymorphic DTRs predicted by MLAP
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Appendix B - Validated Low-Polymorphic DTRs in Wet

Lab

All predicted low-polymorphic DTRs by MLAP that have been validated in wet lab are listed in Tables 8.

Location Heterozy-
Marker (chromosomel||kb) | Type | gosity (%)
ch2ILP M1 |  ch21||19215 GA 23
cholLP M2 | ch2l||17388 | CA 35
ch2ILP_M3 |  ch21||29275 CA 13
cholLP M4 | ch21||[44383 | CA 0
ch2ILP_M5 | ch21||21266 CA 0
ch21LP_M6 |  ch21]|25328 CA 10
h21LP_ M7 | ch21|25534 CA 0
ch2ILP_M8 |  ch21]|25576 CA 4
choILP M9 | ch21||36055 | CA 0
ch2ILP_M10 | ch21[39725 CA 0
ch22LP M1 | cho2][42519 CA 51
ch22LP_M2 | ch22||46663 CA 26
ch22LP_M3 |  ch22][40097 CA 0
h12LP_MI | chi2]|90523 CA 35
ch12LPM2 | chi2|[35960 CA 17
ch12LP M3 |  ch12||85827 CA 29
chi2LD M4 | chi2||87095 CA 1
ch12LP_M5 | ch12||89485 GA 1
ch12LP M6 | chi2|[90130 | CA 0
chi2LP M7 | chi2|93386 | CA 0
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Table 8: Validated low-polymorphic DTRs predicted by MLAP




