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Abstract

In this paper a method for the automatic DNA spots classification and extraction of profiles associated in DNA polyacrilamide gel electrophoresis
is presented and it integrates the use of image processing techniques and chemometrics tools. A software which implements this method was
developed; for feature extraction a combination of a PCA analysis and a C4.5 decision tree were used. To obtain good results in the profile
extraction only DNA spots are useful; therefore, it was necessary to solve a two-class classification problem among DNA spots and no-DNA spots.
In order to perform the classification process with high velocity, effectiveness and robustness, comparative classification studies among support
vector machine (SVM), K-NN and PLS-DA classifiers were made. The best results obtained with the SVM classifier demonstrated the advantages
attributed to it in the literature as a two-class classifier. A Sequential Cluster Leader Algorithm and another one developed for the restoration of
pattern missing spots were needed to conclude the profiles extraction step. The experimental results show that this method has a very effective
computational behavior and effectiveness, and provide a very useful tool to decrease the time and increase the quality of the specialist responses.

© 2007 Elsevier B.V. All rights reserved.
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1. Introduction

For human identity, scientists use the DNA profile. To obtain
a profile it is necessary to generate and analyze a Short Tandem
Repeat (“STR”) data. Such data is derived from a blood (or
other) sample taken from a person or obtained from the crime
scene [1]. Each data contains several STR loci. A STR loci of an
individual has two “alleles,” each corresponding to a true DNA. It
is common to build a DNA profile using 10 STR loci (20 alleles),
and it is extremely unlikely that the 20 numbers (i.e., 10 length
pairs or alleles) from one individual will identically match the
20 numbers of an unrelated individual. This uniqueness serves
as a “fingerprint” of genetic identity [2,3]. During laboratory
data generation, the forensic scientist conducts experiments to
transform these unknown DNA samples into observable data [4].

The polyacrilamide gel electrophoresis is a common analy-
sis to develop this transformation, in which DNA sequences are
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obtained in the form of electrophoretic bands on a polyacril-
amide gel plate, the bands are visualized with a silver tintion
reagent, and are detected as black spots [5].

There is a standardized method to manually detect the spots
of DNA and make the numbers designations of the pair alleles
per loci, but it is a very inefficient form to perform the task.

Results obtained by Walczak and Kaczmarek in the pre-
processing and matching of 2D gel electrophoresis images for
protein studies offered us important information to undertake
the work with DNA samples [6,7].

In this paper a method for the automatic DNA spots classifica-
tion and extraction of profiles associates in DNA polyacrilamide
gels is presented. It integrates the use of image processing tech-
niques and chemometric tools. A software which implements
this method was developed.

2. Image acquisition and preprocessing

To acquire the images a digital camera Sony DSC
F717 was placed on a controllable illumination system. The
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Fig. 1. Acquisition module: (a) general view, (b) light sources, (c) mobile gate.
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Fig. 2. Sobel edge detector mask and the first order derivatives that it imple-
ments.

polyacrilamide gel plate is placed on a mobile gate between
a diffuser plate and the digital camera and the light sources are
in the bottom, below the diffuser plate as Fig. 1 shows.

One of the main tasks of pre-processing is the removal or
reduction of noise. In order to find the most suitable one for this
kind of images some linear and non-linear filtering methods,
were compared. Best results were obtained using a homomor-
phic filtering [8]. In this case, the filter acts to reduce the low
frequency multiplicative noise that is produced as a result of a
non-homogeneity illumination or a non-homogeneous chemical
process.

The next step involves the spots segmentation. In order to
carry out this task, a Sobel Edge Detector was applied. It uses
the special mask in Fig. 2 to approximate digitally the first
derivatives Gx and Gy of the image [9].

In other words, the gradient at the center point in a neigh-
bourhood is computed as follows:

g =1Gx> +Gy*|'"?
g ={l(z7 4 228 + 29) — (21 + 222 + 23)]? q))
+1(z3 + 226 + 29) — (21 + 224 + 2))P}/?

where 71, . . ., zg conform the image neighbourhood. A pixel at
location (x, y) is an edge pixel if g > T at that location, where T'is
a specific threshold. The segmentation process finishes by apply-
ing an automatically global threshold following the iterative
procedure proposed by Gonzalez and Woods [9].

3. Feature selection

Once the spot’s segmentation is finished, the next step is to
represent and describe it in a suitable form for further com-
puter processing. A representation using 14 boundary and region
descriptors was chosen as can be seen in Table 1.

Table 1
Boundary and region descriptors and their symbols used to represent the spots
Descriptors Symbol
Area A
Complementary area Ac
Complementary area—area ratio Rac
Perimeter Pe
Rectified perimeter Per
Compactness Cp
Maximum width Anmax
Maximum height Almax
2D moment invariants P1

P2

P3

P4
Height—width ratio Raa
Area bounding box Abb

Feature selection is an important problem in machine learn-
ing. In high dimensional data it is critical to weed out noisy
features, which have no discriminatory power, before applying
standard learning algorithms.

PCA focuses on the search for features, which explain most
of the variance in the data [10]; this is clearly not enough for
feature selection because there is no clear correlation between
variance and discriminatory power. To take into account all
the factors for a good feature selection in this case a com-
bination of PCA and a C4.5 decision tree were used. Both
techniques were applied separately on a set of samples (“S”)
described by original features, composed by spots from dif-
ferent images in order to guarantee a high representativeness.
It contains 638 spots, 305 in DNA class and 325 in no-DNA
class.

3.1. PCA

On way to look for the relevant features using PCA is to
obtain their modeling and discriminatory power.

The modeling power varies with the number k of principal
components selected but is variable-oriented. Typically, it is not
helpful in determining the optimal number of factors to retain,
but it does point out important variables.
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and “n” is the number of samples.

When the power of a variable to model information in the
data increases, MP approaches 1; however when it decreases,
MP approaches 0. Even with random data, some features will
exhibit high modeling power, so an absolute threshold cannot
be specified. Instead, the different variables should be compared
based on their relative modeling power.

It may also be instructive to know which variables are best
at discriminating between training set classes. For each vari-
able, comparing the average residual variance of each class fit
to all other classes and the residual variance of all classes fit to
themselves provides an indication of how much a variable dis-
criminates between “correct” and “incorrect” classification. The
discriminatory power of variable ““/” between the two-classes g
and r is thus defined as:
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where Sq is the corresponding standard deviation of variable
“7> and 1t is defined as follows:
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It is important to note that the sum is over n, (the number of
samples in class r) and e(]’- is the residual standard deviation of
the pth object in class r when fitted to the class model g. J is the
number of variables and k; the number of principal components
selected in class model g.

A value of DPJr-’q close to zero indicates a low discriminatory
power and much above one a good power [11].

PCA has been applied to the set of samples “S”. With the aim
of giving the same importance to all features the data was scaled
before PCA to zero mean and unit variance. Four PCs explaining
96.05% of total variance, with a RMSECYV value of 1.238 was
selected to describe the data, as can be seen in Tables 2 and 3. An
exploratory view of the samples/scores plot on PCy versus PCy
in Fig. 3, shows a real possibility of separation among DNA and
no-DNA spots, likely to improve with a further feature selection.

Table 2

Principal components selected and % of variance explained

PC; selected Var. E (%)
PC, 67.70
PG, 11.40
PCs 10.34
PCy 452
Total 96.05

Table 3
Factor selection, principal components and RMSECYV values
Principal RMSECY
Components

PC, 2.18112
PC, 1.90516
PC, 1.54119
PC, 1.23802
PCs 1.28845
PC, 1.09052
PC, 1.45241
PCyg 2.24155
PC, 2.36414
PCyy 2.99329

Fig. 4 shows a comparison of all original features by their
modeling and discriminatory power values. To select the best
features according to PCA, the criteria to use only the features
with high discriminatory power values to enhance the classifi-
cation process is not a good choice, because it is possible to
exaggerate the difference among the classes. A better approach
is to remove the ones with low modeling and discriminatory
power values.

According to this criterion the features selected as relevant
using PCA were: A, Pe, Per, Anmax, Py, P3, Raa, and Abb.

Fig. 5 shows the PCA plot obtained using only selected vari-
ables, the results prove the improvement in the separation among
DNA and no-DNA spots.

v DNA NO DNA
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Fig. 3. Sample/scores plot on PC; vs. PC; of training set “S”.
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Fig. 4. Comparison of all original features by their modeling and discriminatory power values. (a) Modeling power vs. features. (b) Discriminatory power vs. features.

3.2. C4.5 decision tree

In order to complement the results obtained with PCA with
more information about the effectiveness of the discriminatory
capabilities of the original features aiming at obtaining a good
separation among the two-classes, a C4.5 decision tree was
applied.

In general, decision trees represent a disjunction of conjunc-
tions of constraints on the attribute-values of examples. The
selection is based on a statistical property called information
gain that measures how well a given attribute separates the train-
ing examples according to their classification. In this sense the
tree nodes will contain the most relevant features, being the most
important feature located at the high levels of the tree [12].

An instance is classified by starting at the root node of the
decision tree, testing the attribute specified by this node and
moving down by the tree branch corresponding to the value of
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Fig. 5. Sample/scores plot on PCy vs. PC, of training set “S” with selected
variables.

the attribute. This process is then repeated at the node on this
branch and so on, until a leaf node is reached which provides
the classification of the instance.

Three different experiments were designed and applied to
the set “S”. In the Experiment 1, “S” was randomly divided
in four disjoint training sets which have the same number of
samples and also a good balance among DNA and no-DNA
spots. Four decision trees were built; each of them validated
using 10 folds cross validation. In Experiment 2, four dif-
ferent sets were prepared using resampling on “S”; each of
them was divided in 75% of the samples for training and the
other 25% for testing. This means that each classifier was built
with training sets that could contain common samples. In the
Experiment 3, only one decision tree was built using the set
“S” as training set and it was validated with 10 folds cross
validation.

The results in Fig. 6 show that some of the initial features do
not appear in any of the trees. This means that they are not rele-
vant for DNA characterization and recognition. Finally, Anmax,
Pe, P1, Raa, P3, A were selected as a result of the union of the
partial results of each decision tree.

For final feature selection, a combined interpretation of the
results obtained with PCA and decision tree was made, features
selected as relevant must have high modeling power values with
discriminatory capabilities. Taking into account the high corre-
lation that exists between pe and per, one of them was rejected.
The selection of pe instead of per was based on the fact that pe
appears more times in the experiments carried out with decision
trees. The features selected Anmax, Pe, P; Raa, P3, and A were
used to build an automatic classifier.

4. Classification algorithms

All spots present in the training set “S”, are described
automatically, using the most significant features obtained in
Section 3. For the profile extraction only DNA spots are use-
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Experiment 1

Best features : Anmax, Pe,P1 Raa, P3

Experiment 3

Set 1/E =94.40% | Set2/E =94.33%

Set 3 /E =96.85%

Set4 /E =94.96% | Best features:

Anmax, P1, Raa, Pe
Set 1+2+3+4 / E = 96.17%

Experiment 2

Best features : Anmax, Pe, Raa, P1,

Set 1 /E =96.27% Set 2 /E =97.51%

Set 3 /E =96.27%

[NoADN] [ADN]

Best Selected Features

With Decision Tree:

<=0.8 »0.d Anmax, Pe, P1 Raa, P3,A

[No ADN][ADN] |[No ADN][ADN]|[No ADN][ADN]|[No ADN][ADN]

E = Effectiveness

Fig. 6. Features selection with C4.5 decision tree.

ful, therefore, it is necessary to solve a two-class classification
problem among DNA spots and no-DNA spots. In order to do
the classification process with a high velocity, effectiveness, and
robustness, a study of the behavior of three classifiers was made.
A SVM classifier was selected and the results were compared
with two other classical classifiers as KNN, and PLS-DA.

SVMs are kernel based learning algorithms introduced by
Vapnik [13,14]. In a two linearly separable class problem the
principal aim of the SVMs classifiers, is to find a separating
“maximal margin” hyperplane which gives the smallest general-
ization error among the infinite number of possible hyperplanes.
The data on margin and/or the closest ones are called support
vectors. They are found by solving a quadratic programming
(QP) problem.

Sometimes the separation function between the classes is
nonlinear. In this case, the data will be mapped from an
input space into a high dimensional feature space by a non-
linear transformation ¢(x). The QP problem in a feature space
depends only on a dot product ¢(x,-)T¢>(xj) for that reason
learning can be performed by using Mercer theorem [15] for
positive definite functions, which allows replacing the prod-
uct ¢(x,-)T¢(xj) by a positive definite symmetric kernel function
K(x;, )q/)=¢(xi)T¢()q/). In our case a non-linear SVM; with a
Gaussian radial basis function (RBF) kernel was used [15].
PLS-DA and K-NN models were built using the PLS Tool Box
Matlab V.3.5.

5. DNA'’s profile extraction
After the Classification process, an image with only DNA

spots is obtained. The profile extraction process was developed
following five steps:

1. Detection of the candidate’s regions in the image that contains
the STR loci patterns, according to the intensities histogram
along the x axis.

2. Division of the image in lanes, using as reference the coor-

dinates contributed by the patterns. Each lane contains one
sample or the set of STR loci patterns according to the dis-
tribution of samples and patterns applied by the specialist in
the polyacrilamide gel.

3. Determination inside the pattern’s lanes the different sub

regions that contain the STR loci’s, each of them has a specific
sequence of spots with their correspondent assigned num-
bers. To solve this task a Sequential Leader Cluster algorithm
was used [16].

4. Restoration of the sequence of spots inside the STR loci pat-

terns, in case of counting with missing spots or with joined
ones, as a consequence of a malfunction of the classification
algorithm, or by difficulties in the electrophoresis chemical
process. To restore the missing spots a new algorithm was
developed [17]. The joined spots are separated by means of
the detection of Freeman’s chain typical segments of the con-
tour [18]. The calculation of the horizontal dividing halfback
line among them permits an effectiveness separation.

5. Assignation of the corresponded number to the spots that

represents the two alleles per STR loci in order to obtain the
DNA profile of each sample. To solve this task, it is necessary
first the layout of the horizontal lines that join the centroide
of each spot in the sequence of the STR loci patterns with
their matches distributed in the plate (remember that each
of these spots in a sequence of a STR loci has a unique and
specific number), therefore all the spots in the same line have
the same number assigned. Applying the formula of distance
of one point to a straight line, it is possible to evaluate the
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Fig.7. (a) Candidate’s regions in the image according to the intensities histogram along the x axis, (b) STR loci patterns regions, (c) division in lanes, (d) determination

sub-regions, (e) assigning number to alleles, (f) DNA profile.

distance from the centroid of each spots (alleles), to the lines
of the patterns spots nearest to them. The numbers assigned
to the alleles are the same assigned to the lines of the patterns
whose distances are the shortest to them. A summary of all
this process is displayed in Fig. 7.

6. System implementation

For the preprocessing step, we used software in C# based on
the algorithms and procedures proposed by Gonzalez and Woods
[9]. The feature selection using the decision tree C4.5 was imple-
mented by the pack of classes that offers Software WEKA [19]
specifically Weka classifier tree J48. As this software is pro-
grammed in Java # a DLL that permits the conversion to Visual
Studio C# was developed in order to guarantee the compatibility
with this method.

Classifications with SVMs were done using LIBSVM [20].

7. Results and discussion

For training the SVMs and to build the PLS-DA and KNN
models, the same data set used for the feature selection was
employed, for testing a set of 20 DNA polyacrilamide gel elec-
trophoresis plates, containing 200 real samples were used. The

plates have been directly recorded with the acquisition mod-
ule, and the images obtained were automatically stored in the
computer for the process. All models were built using origi-
nal (selected) variables. The best PLS-DA model was obtained
with the following specifications: preprocessing: autoscale, val-
idation: cross (5), optimal factors: 5; for the KNN model the
best specification were: preprocessing: autoscale, validation:
none and five optimal neighbors. In order to obtain the best
parameters value to train the SVM a grid search using 10 folds
cross validation was done. The ranges assigned to each hyper-
parameter were logoC=(—5, —4, ..., 15, 16) and logry =(—4,
—3, ..., 4). Then, with the values obtained by grid search, the
SVM classifier was trained again and the model was validated
using 10 folds cross validation, giving us an accuracy of 98.26%.

The accuracy of SVM trained using different training param-
eters combination and the characteristic of the obtained model
are shown in Fig. 8.

The classification accuracy was calculated by taking the num-
ber of correctly classified spots for each classifier, and divided
by the total number of samples into the test data set. Table 4
shows the results obtained in the classification.

The good results obtained in the classification task demon-
strated the advantages attributed in the literature to the SVM;,
as a two-class classifier. The training process was very fast,
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Performance of SVM

log, (C)

-4 002 4
log2 ()

SVM-Type C-classification

SVM-Kernel Radial Basis Function (RBF)
Gamma 0.03125
Cost (C) 8192

Best Performance 0.01666667

Number of SV ADhII[;Iass No A[;N class

Fig. 8. Performance of SVM, the best pair of parameter (C, y) values were extracted from the area with more accuracy. The general characteristic of the obtained

model are presented.

Table 4
DNA spot classification results with three classifiers

# of spots Confusion matrix SVMs Confusion matrix PLS-DA Confusion matrix K-NN
ADN NoADN ADN NoADN ADN NoADN
ADN 433 409 24 407 26 391 42
NoADN 4938 6 4932 84 4854 36 4902
Total 5371 CA—99.44% CA—97.95% CA—98.54%

only 30 s, fundamentally because their structure is automatically
determined on the basis of the training data and relatively few
parameters are needed; overfitting can be avoided without using
a validation set.

The set of the original plates, was processed by the expert
using the standardized manual procedure and the results of
the profile extraction were compared with the results obtained
applying the automatic method taking into account the success
rate and the time of response. Table 5 shows the results obtained
in this comparison.

Added to the table only five profiles was not possible to
extract, caused by the presence of mix samples (DNA of two
persons are present in the same sample) with four different alle-
les present in each STR Loci thus, not being able to determine
which of the six pairs of alleles is the correct by the automatic
method.

Another significant result is the decrease in the time’s
response of the task that influences not only the increase of the
available time of the expert but also the decrease of the cost of
the analysis.

Table 5
Automatic profile extraction results vs. manual method results

# of samples  Profiles detected ~ System  Success Time of response
by expert success  rate -
Expert  Automat.

200 204 199 97.54% 20 days 15min

8. Conclusions

The development and implementation of an effective method
for the automatic DNA spots classification and extraction of
profiles associated in DNA polyacrilamide gel electrophoresis,
combining image process and pattern recognition techniques are
obtained.

Different types of algorithms as: C4.5 decision trees, PCA,
support vector machines, Leader Algorithm and the contribution
with a new one for restoration purposes are used to resolve all
the tasks.

The experimental results show that this method has a very
nice computational behavior and effectiveness, and provide a
very useful tool to decrease the time and increase the quality of
the specialist responses.
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