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Abstract. This article proposes a new classifier inspired on a biolog-
ical immune systems’ characteristic. This immune based predictor also
belongs to the class of k-nearest-neighbors algorithms. Nevertheless, its
main features, compared to other artificial immune classifiers, are the
assumption that training set is the antibodies’ population and a sup-
pression mechanism that tries to reduce the training set into a smaller
subset. This subset is supposed to contain the most significative sam-
ples, without loosing much capability of generalization. It is known that
in prediction problems, the choice of a good training set is crucial for the
classification process. And this is the focus of this research. Experiments
using some benchmarks and the analysis of the results of our ongoing
work are presented.

1 Introduction

Classification [1] and pattern recognition are important tasks in all knowledge
fields [2]. To classify means to categorize into a finite number of classes elements
defined by a group of attributes. There are many types of statistical and artifi-
cially intelligent classifiers, as it can be seen in [3,4]. One of the main issues in
classification problems involves the choice of good samples to train a classifier.
A training set capable to represent well the characteristics of a class has better
chances to establish a successful predictor.

This article proposes a new classifier inspired on biological immune systems’
characteristics. The model belongs to the class of k-nearest-neighbors algorithms.
Its main features, compared to other artificial immune classifiers
[5,6,7,8,9,10,11,12,13,14,15,16,13,17,18,19,20,21,22], are the assumption that the
training set constitutes the initial antibodies’ population of the system, and a
suppression mechanism that tries to reduce this training set into a smaller sub-
set. This subset is supposed to contain the most significative samples, without
loosing much capability of generalization.

In this proposal, the inspiration came from the self-regulation mechanism
from the biological immune systems. Clones of B cells that are no longer needed
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in the organism suffer apoptosis. Therefore, another feature of the algorithm
that distinguish it from the others mentioned, is its simplicity. There are no
mechanisms such as affinity maturation, clonal selection [23,24], its not based
on imune network models or kohonen networks [19].

1.1 The Behavior of Biological Immune Systems

According to the IS self regulation mechanism, clones no longer needed by the
organism, or those that self attack, do not receive signals to keep alive and suffer
apoptosis. Those signals came from the lymph nodes or T helper cells [25]. This
self-regulation characteristic allows the organism to save energy and keep only
the repertory of lymphocytes really needed for self defense. These concepts are
the inspiration of the presented model.

Basically, the algorithm presented here draws from a concept in which the
model for the system should evolve to produce antibodies to recognize the train-
ing data and be capable to identify new presented antigens. Instead of working
with a system that generates and evolves clones of B cells until the antibodies
recognize the training group, this paper proposes the training data to be the
very same antibodies’ repertory of the system.

The suppression concept is employed in the training set to eliminate very
similar antibodies. For suppression, the antigens, or test data, are divided into
two subgroups. The first will be responsible for testing the model and eliminating
redundant antibodies. The second subgroup is used to validate the efficiency of
the remaining antibodies after suppression.

This article is organized as follows. Section 2 presents a detailed description
of the algorithm proposed together with the suppression mechanism. Experi-
ments and results obtained from standard databases found in the literature are
presented. Finally, the last section presents the final remarks on the model and
propose some suggestions for further research.

2 The Proposed Algorithm

The algorithm starts with the idea that the system’s model must evolve to create
antibodies that recognize the training set and be able to identify new presented
antigens. Therefore, instead of the system generating and evolving B cells clones
until the antibodies recognize the training set and establish a cellular memory, it
is proposed that the training set itself constitutes the repertory of antibodies of
the system. It means that the immunological memory represented by Artificial
Recognition Balls (ARBs), which are mathematical metaphors for antibodies
or B-cells [26,27,24], (see Figure 1), will be ready for generalization from the
moment training data is placed in the system. In the presented figure, S is the
shape space where • are the antibodies, × are the antigens and ε denotes the
radius of each antibody [27,24].

The set of attributes is normalized to belong to the same scale of values. In
this case, the data was transformed to fit in the interval [0,1]. At the present
moment of this research, only real or integer data are considered.
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Fig. 1. The shape space model

To proceed the system’s learning, the database is divided into three subsets,
training representing the antibodies, testing and validating as antigens. The
initial proportion of samples adopted for each group, respectively, was 60%, 20%
and 20% and then, another experiment with the proportions 70%, 20% and
10%.These proportions were adopted empirically. Both antigens and antibodies
are represented by an array containing the attributes. The antigens, or test data,
are classified according to the closest antibody. It means that in this case, instead
of a shape space with variant ε, the model uses the Voronoi diagram [28], that
can be seen in Figure 2. In the figure, dots are the centroids of the ARBs and
represent the antibodies that cover a certain group of nearest antigens.

Fig. 2. Voronoi diagram: a representation of the classification process

The closest antibody is determined by a measure of distance. In the experi-
ments, the adopted ones were the Euclidian and Manhattan distances, described
respectivelly by the equations 1 and 2.

distance =

√
√
√
√

TotalAttributes∑

i=1

(Antibody[i] − Antigen[i])2 (1)

distance =
TotalAttributes∑

i=1

|Antibody[i] − Antigen[i]| (2)
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The reason why antigens have been split into two subsets is to provide the
suppression mechanism. The suppression concept is used among the training
set, so that very similar antibodies are eliminated and the best ones are kept,
following the theories of self-regulation and affinity maturation of biological im-
mune systems, described in section 1.1. In other words, those antibodies able to
recognize antigens from the test set remain while the others are eliminated from
the population.

In this artificial classifier, these signals for survival are represented by a
counter variable for each antigen recognized by an antibody, independently if
the classification is correct or not. It is known that some databases have limits
on the percentage of correctly classified samples. This is the reason why antibod-
ies that classify incorrectly are still maintained on the suppressed population.
These antibodies could be viewed as cross-reactive ones.

The schematic algorithm can be seen in Algorithm 1, called SUPRAIC.1

Algorithm 1. Algorithm SUPRAIC
�Read the database file;
�Normalize data between the interval [0,1];
�Determine antibodies and antigens by dividing the data (in a uniform distribution)
into, for example, 60% antibodies and 40% antigens;
�For each antibody, set its counter variable = 0;
�Divide antigens into test and validation subgroups. Generally, it is used the same
proportion for each one, 20%;
�Determine the inicial antibodies as the training set.
�Train the model via test subset by finding the nearest antibody for each antigen.
The nearest antibody is measured by the Euclidian distance among attributes;
�For each antigen recognized by the antibody, increase its counter variable by one;
�Suppress the remaining antibodies not capable to recognize (counter = 0) antigens.
Eliminate them from the antibodies population.
�Validate the final predictor, already suppressed by the previous step, by using the
remaining antibodies to recognize the validation set;
�Calculate the accuracy of the final predictor.

3 Experiments and Results

This section presents experiments using some benchmark examples of databases
extracted from the UCI machine learning repository [29]. The metrics adopted
to evaluate the efficiency of the classifier were extracted from [2].

For two classes problems, the metrics are based on confusion matrix, a tool
which informs the sorts of hits and errors made by a classifier [2]. The classes are
named positive and negative and the confusion matrix has four values computed
in terms of real and predicted classes, namely:

– TP (true positives): the amount of positive elements predicted as positive;
– TN (true negatives): the amount of negative elements predicted as negative;

1 Suppressor Artificial Immune Classifier.
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– FP (false positives): the amount of negative elements predicted as positive;
– FN (false negatives): the amount of positive elements predicted as negative;

With the values above determined, the most common metrics that will be
used to determine the efficiency of the proposed predictor are:

– Accuracy (acc) and Validation (val): they are the ratio of correct decisions
made by a classifier. The difference between both is that the first one is used
to train the predictor and the second one is to validate it:

acc(val) =
TP + TN

TP + TN + FP + FN
(3)

– Sensitivity (sens): it measures how much a classifier can recognize positive
examples:

sens =
TP

TP + FN
(4)

– Specificity (spec): it measures how much a classifier can recognize negative
examples:

spec =
TN

TN + FP
(5)

– Precision (prec): it is the ratio of predicted positive examples which really
are positives:

prec =
TP

TP + FP
(6)

– F-measure (FMea): it is the harmonic mean of sensitivity and precision. In
this study, the parameter β was set to zero:

prec =
(β2 + 1) × sens× prec

sens + β × prec
(7)

– G-mean (GSP): it is the geometric mean of sensitivity and precision:

GSP =
√

sens × prec (8)

– G-mean2 (GSS): it is the geometric mean of sensitivity and specificity:

GSS =
√

sens × spec (9)

In all the experiments that follow, β was set to zero, which means that sensi-
tivity and precision have the same importance.
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Table 1. Results from the predictor without suppression mechanism for Breast Cancer
Database with 419 antibodies

percentage split distance acc val sens spec prec Fmea GSP GSS

60-20-20 Euclidian 0.96 0.97 0.94 0.99 0.98 0.48 0.96 0,96

60-20-20 Manhattan 0.96 0.98 0.94 1 1 0.47 0.95 0.95

70-20-10 Euclidian 0.97 0.97 0.93 1 1 0.48 0.96 0.96

70-20-10 Manhattan 0.98 0.94 0.85 1 1 0.46 0.92 0.92

Table 2. Results from the predictor with suppression mechanism for Breast Cancer
Database with 56 antibodies

percentage split distance acc val sens spec prec Fmea GSP GSS

60-20-20 Euclidian 0.96 0.94 0,85 0.99 0.98 0.45 0,91 0,91

60-20-20 Manhattan 0.98 0.96 0.88 1 1 0.47 0.94 0.94

70-20-10 Euclidian 0.97 0.96 0.89 1 1 0.47 0.94 0.94

70-20-10 Manhattan 0.98 0.96 0.88 1 1 0.47 0.94 0.94

Table 3. Results from other classifiers to cancer database

classifier acc

J48 (Decision Tree) 0.95

Multi-Layer Perceptron 0.97

Naive Bayes 0.98

Fig. 3. The total amount of antibodies (training set) for the Cancer database

3.1 Breast Cancer Database

The purpose of this work was to reduce training sets without loosing significantly
the accuracy of the predictor. The first experiment of this new proposal was made
on the breast cancer database. The breast cancer database is characterized for
having 699 registers, 9 attributes and 2 classes.
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Fig. 4. Antibodies from Cancer database after suppression and 60-40% split

Table 1 shows the results with the previously mentioned metrics, but using
the classifier without the suppression mechanism. In Table 2, the suppression
mechanism was applied.

As it can be seen, comparing the two results in Tables 1 and 2, there was not
too much difference between the metrics. Nevertheless, the amount of antibodies
was reduced from 419 to 56. That means a reduction of almost 87% of training
data. Figure 3 shows training data before suppression and Figure 4 shows the
final suppressed classifier using star coordinates.

3.2 Pima Indians Diabetes Database

Database diabetes is characterized by 768 registers, 8 attributes and 2 classes.
As in the first database studied, it also can be seen that the results from Ta-
bles 4 and 5 are not very different, except for the value specificity. Even though,
the reduction of the antibodies by the suppression was from 460 to 80. Fig-
ures 5 and 6 shows, respectively, the training data before suppression and data
already suppressed with the most significant antibodies. Table 6 shows results
obtained from other common classifiers: Naive Bayes, Multi-Layer Perceptron
and Decision Tree [3].

Table 4. Results from the predictor without suppression mechanism for Pima Indians
Diabetes Database with 460 antibodies

percentage split distance acc val sens spec prec Fmea GSP GSS

60-20-20 Euclidian 0.74 0.67 0.7 0.62 0.77 0.36 0.73 0.66

60-20-20 Manhattan 0.71 0.69 0.71 0.65 0.79 0.37 0.75 0.68

70-20-10 Euclidian 0.70 0.69 0.74 0.61 0.74 0.37 0.74 0.67

70-20-10 Manhattan 0.73 0.71 0.74 0.68 0.77 0.38 0.76 0.71
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Table 5. Results from the predictor with suppression mechanism for Pima Indians
Diabetes Database with 80 antibodies

percentage split distance acc val sens spec prec Fmea GSP GSS

60-20-20 Euclidian 0.74 0.65 0.77 0.45 0.71 0.37 0.74 0.59

60-20-20 Manhattan 0.71 0.65 0.8 0.4 0.7 0.37 0.74 0.56

70-20-10 Euclidian 0.70 0.65 0.72 0.55 0.70 0.35 0.71 0.63

70-20-10 Manhattan 0.73 0.66 0.80 0.45 0.68 0.37 0.74 0.60

Table 6. Results from other classifiers to diabetes database

classifier acc

J48 (Decision Tree) 0.76

Multi-Layer Perceptron 0.75

Naive Bayes 0.70

Fig. 5. The total amount of antibodies (training set) for the Diabetes database

3.3 Iris Database

The following database is characterized for having more than two classes. Iris
database has 150 registers, 4 attributes and 3 classes. Although there are some
other metrics to evaluate multi-class problems [2], in this work it will be adopted
only accuracy on test and validation sets. As a continuation of this work, it is
intended to use metrics proposed by [2].

In Tables 7 and 8 are shown the results for the iris database. Although in the
first case the accuracy and validation test are classified, respectively, as 97% and
100% correct and in Table 8 shows an inferior performance, the decrease of the
antibodies is significant – from 90 to 10.
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Fig. 6. Antibodies from Diabetes database after suppression and 60-40% split

Table 7. Results for the Iris Database with 90 antibodies without suppression

percentage split distance acc val

60-20-20 Euclidian 0.97 1

60-20-20 Manhattan 0.97 1

70-20-10 Euclidian 1 1

70-20-10 Manhattan 1 1

Table 8. Results for the Iris Database with 10 antibodies with suppression

percentage split distance acc val

60-20-20 Euclidian 0.96 0.97

60-20-20 Manhattan 0.97 0.97

70-20-10 Euclidian 1 1

70-20-10 Manhattan 1 1

Table 9. Results from other classifiers to iris database

classifier acc

J48 (Decision Tree) 0.95

Multi-Layer Perceptron 0.97

Naive Bayes 0.95
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Fig. 7. The total amount of antibodies (training set) for the Iris database

Fig. 8. Antibodies from Iris database after suppression and 60-40% split

4 Conclusions

This article proposed a new k-nearest-neighbor deterministic data classifier
method using a suppression mechanism inspired on the behavior of biological
immune systems. Particularly, the idea came from the way lymph nodes and
T-helper cells behave towards lymphocytes no longer needed in the organism or
those who self attack.

Basically, the predictor works with a database divided into three parts. The
first one represents the antibodies and have the great proportion of the studied
database, so that it can cover all the space. The second is the test set, respon-
sible to help the system to eliminate those antibodies that were not used . The
principle is, basically, those antibodies who recognized presented antigens re-
main on the population. The other ones are suppressed – taken away from the
population. The third set is the validation one. Its role is to make sure that the
suppression mechanism worked, retesting the system.
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Experiments were made using benchmarks with two or more classes and the
results were satisfactory. There was just a little proportion of mistakes between
test and validation set. As next steps of this work, it would be necessary to fur-
ther investigate multi-class problems and databases with unbalanced examples.
Also, apply some hybrid techniques, such as fuzzy logic [30] or support vector
machines [31] to try to reduce cross-reaction and improve performance.
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quadratiques. J. für die Reine und Angewandte Mathematik 133, 97–178 (1907)

29. Newman, D.J., Hettich, S., Merz, C.B.C.: UCI repository of machine learning
databases (1998)

30. Ross, T.J.: Fuzzy Logic with Engineering Applications. McGraw Hill, New York
(1995)

31. Cristianini, N., Shawe-Taylor, J.: An Introduction to support vector machines (and
other kernel-based learning methods). Cambridge University Press, Cambridge
(2000)


	The SUPRAIC Algorithm: A Suppression Immune Based Mechanism to Find a Representative Training Set in Data Classification Tasks
	Introduction
	The Behavior of Biological Immune Systems

	The Proposed Algorithm
	Experiments and Results
	Breast Cancer Database
	Pima Indians Diabetes Database
	Iris Database

	Conclusions



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.01667
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.01667
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 2.00000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org)
  /PDFXTrapped /False

  /SyntheticBoldness 1.000000
  /Description <<
    /DEU ()
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.000 842.000]
>> setpagedevice




