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Abstract The natural immune system (NIS) protects the body of finding classification boundaries to separate patterns that
against unwanted foreign material (non-self cells) that could belong to different classes. Some of the above mentioned
damage the body (self cells). The NIS can be modeled into an paradigms are based on natural processes. Natural processes
artificial immune system (AIS) to detect any non-self patternsin  that have been modeled to develop classification techniques
a non-biological environment. Detectors in the NIS can change include ANNs that model biological neural networks [4],
from their initial mature status to memory status detectors or  EC techniques that model the natural evolution of organisms
to annihilated status. A memory detector is a detector that fre- [1], Sl that models the behavior of a structured collection
quently detects non-self cells and is a general detector for a sub- of interacting organisms to solve a global objective [36]
set of non-self cells. The NIS uses these memory detectors in aand AlSs that model the functionality and principles of the
faster response to non-self cells. The purpose of this paper is hatural immune system to adapt to changing environments
to present the genetic artificial immune system (GAIS) which [13, 53]. These algorithms are refered to as computational
evolves these non-self detectors and determine their state using intelligence (Cl) techniques while algorithms like decision

a life counter function. Only detectors with mature or memory  trees form part of the classical machine learning (ML)
status are used to detect non-self. Thus, the number of detectors methods.

is dynamically determined by the life counter function. Inthe Both methods from classical ML and Cl can be grouped

paper GAIS is applied to different classification problems. into supervised and unsupervised learning methods. In
Keywords artificial lymphocytes, non-self, negative selection,supervised learning a model is trained with pre-classified
memory, classification negative and positive patterns that serve as examples for the

model. These example patterns are pre-classified according
i to a certain concept or rule. Unsupervised learning on
. Introduction the other hand is based on a process of automatically

discovering similar patterns in the data without guidance

Art_if_ic_ial intelligence consists of many parad_igms, inCIUdingfrom an external teacher [40]. Methods from these ML and
artificial neural networks (ANNS) [4], evolutionary compu-c, paradigms require sufficient training sets consisting of

Fation (EC) [1], swarm intelligence (SI) [36, 20], artificial negative and positive examples of classes.
immune systems (AISs) [9] and fuzzy systems [60]. Therhe artificial immune system (AIS) is a relatively new

performa_nce of algorithms wij[hin these paradigms diﬁeﬁaradigm of algorithms that have been applied to classifi-
among different problem dom_ams. A problem can be SOIVe(Ejation problems [10, 39, 57]. An AIS models the natural
by a number Ofd'ﬁefe!".t algorithms. Itis therefore mportanmeune system (NIS) to detect or classify foreign patterns
to have a good definition of the problem so that the mogf 5 non-biological environment. The NIS does not only
appropriate algorithm is selected to solve the prObIen?1ave the ability to learn valid patterns and to detect or

Some of these models are specifically focused at solviqg : :
o R assify foreign patterns, but also has a memory. The NIS
classification problems [7, 27]. Classification is the process fy anp y
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is capable of memorising general foreign pattern structurdk A Brief Overview of the Natural Immune

[43, 47]. A unique characteristic of the AIS is that training ~ System

requires only positive examples. After training, the AIS has

the ability to classify foreign (negative) patterns from thelhe human body has many different mechanisms to defend

positive patterns. This makes the AIS an ideal candidate fiself against pathogenic material. These defence mecha-

classification problems where only one class of patterns fgsms are among others the skin that covers the body and the

available for training. natural immune system. The natural immune system (NIS)
detects foreign material inside the body that could be harm-

The AIS presented in this paper makes use of a set @fl to the body. The NIS differentiates between normal cells

artificial lymphocytes (ALCs) to detect negative patterns(self cells) and foreign cells (non-self cells). The immune

The set is populated by mature ALCs, which are evolvegystem works on the principle of a pattern recognition sys-

from a genetic algorithm (GA). The GA has as its mairtem, recognising unwanted patterns (non-self cells) from the

objective to evolve ALCs with maximum space coverage afiormal patterns (self cells) [47].

possible negative patterns and least overlap among ALCs.

After each evolved ALC is added to the set, the GA i views on Non-self

forced to explore different regions in the search space that

is not yet covered by the mature ALCs in the set. An ALCIO date there are two different views on non-self cells. The

evolves to maturity after it has been trained on a set d}iaSSical view of the NIS is that all non-self is harmful to the

positive patterns in the GA. There are two methods to traifody and needs to be detected and destroyed by the NIS [43].

an ALC, positive selection and negative selection [23]. I\ different theory on non-self was introduced by Matzinger,

addition to the mature status of an ALC, there is also thknown as danger theory [41, 42]. Danger theory does not

following states: Immature, Memory and Annihilated. Anclassify all foreign or non-self cells as dangerous to the body,

ALC with immature status has not yet been trained by he. non-self cells are further classified into dangerous and

GA. Memory ALCs are those ALCs that frequently detecfion-dangerous. According to danger theory, the NIS only

negative patterns and annihilated ALCs seldom detect af§acts to dangerous non-self cells. Focusing on the classical

negative patterns and need to be replaced in the set of ALGéeW of the NIS, the remainder of this section explains and

An optimal set of ALCs can be defined as a set that consisiscusses the different parts of the NIS which are crucial to

of ALCs that frequently detect negative patterns. It ighe detection and annihilation of non-self cells.

therefore important to distinguish between ALCs with high

probability to detect negative patterns from those ALCs witlB. The Lymphocytes

poor detection, i.e. distinguishing ALCs based on status. , ,
The natural immune system mostly consists of lymphocytes

The purpose of this paper is to illustrate how a genetignd lymphoid organs. These organs are mainly the thymus
algorithm can be used to evolve detectors that are sefid bone marrow. The bone marrow is responsible for
tolerant and how to determine if a detector has a higf’®ating new lymphocytes in the immune system. The
probability to detect non-self patterns, using a threshol,@'mphocytes are used to detect any foreign or unwanted cells

function as presented by Graaff and Engelbrecht [2g]. THB the body. These foreign cells are known as antigens [S0].
paper also presents as a sub-objective a life counter functign

[28] as a model for automatic transformation betweeriN€r€ &ré two types of lymphocytes, namely the T-Cell
states of an ALC. The number of ALCs in the propose@nd B-Cell. ~ Both of these lymphocytes have receptor
model is thus dynamically determined by the life countanc’IecmeS on their surfe}ces that bind to other cells. The
function based on the ALCs status, since only memorg;aceptor of the T-Cell binds to molecules that are on the

and mature ALCs are used to detect non-self patterns. Thurface of other cells. The molecules on the surface of cells

outline of the paper is as follows: A brief overview on the®® named Major Histocompatibility Complex molecules

natural immune system is given in section II, followed by(MHC-molecules). The MHC-molecules bring to light the

existing AIS models and applications in section Ill. Sectiond1ternal structure of a cell and can be differentiated into Type
IV to VI present an overview of GAIS (genetic artificial | @1d TyPe Il MHCs. MHC-molecules of Type I is on the
immune system) with the life counter function, and sectiofiuface of any cell and MHC-molecules of Type Il mainly
VI discusses the results obtained from GAIS on differenpn B-Cells [47].

classification problems. Section VIII concludes this paper. . ,
and discusses future work in AlSs. Binding of a T-Cell’s receptor to an MHC can only oc-

cur if the T-Cell is mature. A T-Cell becomes mature (in the
thymus) if and only if it does not have receptors that will

bind with molecules that represent self cells. It is therefore
very important that the T-Cell can differentiate between self
and non-self cells [47].
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« the NIS has the capability to learn the structure of nor-
There are two types of T-Cells: The Helper-T-Cell mal cells;
(HTC) and the Natural-Killer-T-Cell (NKTC). Co-operation
between the different lymphocytes to detect an antigen is *
explained next.

the NIS has the ability to memorise the structure of fre-
guently encountered foreign cells;

_ _ « the memory of the NIS is used in a faster secondary
C. Detecting the Antigen response to foreign cells with identical or similar struc-

Different from T-Cells, B-Cells leave the bone marrow as  WUré:

mature lymphocytes. B-Cells collect antigen in the body , the NIS functions as a pattern recognition and classifi-
and partition the collected antigen into peptides, which in  4tion system; and

turn are brought to the surfaces of the B-Cells by MHCs of

Type Il (as illustrated in Figure 1). The receptor of an HTC « the NIS is a complex, distributive system.

then binds to an MHC on a B-Cell and secretes Iymphoklnelshese characteristics of the NIS inspired the modeling of the

[50], Wh'ch prohfera_te or Suppress the B-Cell's reSPONSK|3 into an artificial immune system (AIS) for application
to the antigen. This response is known as the primar

. nary non-biological environments mainly, intrusion detection
response. If the HTC bounds to the MHC with a hig . )
affinity, the B-Cell is proliferated. A proliferated B—Cellqlo’ 23, 21, 38, 39]. Therefore, the AIS mimics the mod

produces antibodies with the same structure as represen%l?d of the natural immune system’s functions and principles.

b e pepices. A B-Col becomes prffrated when e 19 01 1SS [0 be e on e dass ofposthe
B-Cell has grown into a clone, which can produce antibodie 9 P

[43]. A B-Cell can proliferate into one of two types of CeIIS_ent classes (nhon-self). This advantage makes the AlS unique
] ‘from other computational models. There is, however, a draw-

. . back to this advantage: A limited knowledge on positive
cells is to proliferate to plasma cells for a faster response

. . Dpatterns, or an incomplete representation of positive exam-
to frequently encountered antigens and produce antibodi . e .

) . es, can lead to misclassification of non-self patterns. Exist-
for the antigens. A plasma cell is a B-Cell that produce

antibodies. Antibodies form part of self and bind to antlgerllng artificial immune system m_odels are discussed in section
. . [1I(A). A new approach which is taken for the proposed ge-

to de-activate the antigen [43]. . e . )
netic artificial immune system (GAIS), is presented in sec-

When the HTC does not bind with a high affinity, thegg&iglrﬁ)l'(cs)ome applications of AlSs are summarised in

response of the B-Cell is suppressed. A frequently sup-
pressed B-Cell becomes annihilated and needs to be repla%(\ad
by a newly created B-Cell. B-Cells with memory status -
are used by the immune system in a secondary responseTtee NIS is a very complex system. Therefore, modeling of
frequently seen antigen with the same structure. The setie NIS into an AIS requires a clear understanding of the
ondary response is faster than the above-mentioned primastyucture and functioning of the NIS. In the NIS it is mainly
response, since there is no binding necessary between the inner working and co-operation between the mature
HTC and a memory B-Cell to be able to produce antibodies-Cells and B-Cells that is responsible for the secretion of
[47]. antibodies as an immune response to antigens. The secretion
of antibodies is dependant on the affinity with which a T-Cell
The Natural-Killer-T-Cell (NKTC) binds only to MHCs of binds to the B-Cell's MHC. Based on the classical view of
type I. Type | MHCs are found on all cells and they bringthe NIS (as discussed in section Il), T-cells undergo a matu-
to light any viral proteins from a virally infected cell. The ration process in the thymus to become self-tolerant. Forrest
NKTC binds to the MHC of a virally infected cell and developed the negative selection method for training these

Natural to Artificial

destroys itself with the infected cell [47]. T-Cell detectors in an AIS [23]. Negative selection monitors
randomly created T-Cells and replaces a T-Cell that detects
lll. The Artificial Immune System any self pattern, i.e. T-Cells which are trained with negative

selection are self-tolerant. A drawback of negative selection
Research done on the functioning of the natural immune syis- that changes in self and non-self result in re-training of
tem (NIS) has led to different theories and models. Althougi-Cell detectors. It is computationally inefficient to generate
the functioning of the NIS is not yet fully understood, someself-tolerant detectors to cover all of non-self space, while
of these theories have valid arguments. The most familimnly some of non-self is harmful and only some of these
of these theories are the classical view of the NIS (as exletectors will actually detect non-self. Positive selection
plained in section Il), danger theory [41, 42] and networkloes not solve this problem either. Positive selection
theory [34, 46]. There are a few common characteristics beionitors randomly created T-Cells and replaces a T-Cell
tween these theories namely, that does not detect all of the self patterns, i.e. T-Cells which
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Figure. 1. Detection of antigen by B-Cell

are trained with positive selection are non-self-tolerant. It «
could also be the case that there is some overlap between
self and non-self space. Matzinger presented danger theory
as an alternative to the classical view [41, 42]. The main

difference between danger theory and the classical view is ®
the self-non-self discrimination. Danger theory does not

respond to everything that is non-self, instead it concentrates

The artificial immune system has memory that is built-
up by the artificial lymphocytes that frequently detect
non-self patterns.

When an ALC detects non-self patterns, it carclomed
and the clones can be mutated to have more diversity in
the search space.

more on what is dangerous rather than what is non-se|rf[|i o .
Thus, danger theory discriminates between dangerous a 422’ 30, 31] S|m|I§r architectures for an.AI_S are proposed
nd used for security. Some of the existing AIS models

non-dangerous of which both self and non-self can for ; . .
part of. The network theory of Jerne states that the B-Cel ased on the above listed concepts, will be discussed next.

are interconnected to form a network of cells [34, 46] ) I -
The B-Cells in the network respond to foreign cells. AnThe first three concepts above highlight the affinity

activated B-Cell stimulates all the other B-Cells to which il easturertnent l?ettr\]Neirll_g nTﬁLC and gﬁpatte{ n as Welrl] as
is connected in the network. A B-Cell becomes activated tge structure of the ’ ere are ditierent approacnes
o

it detects a foreign cell. Work that has been done in AISs r tr epres;ahnt pattetrtns o and 'i‘r:S er_]g toTrEeasure the daﬁf'ff"t.{
network theory of B-Cells can be found in [53, 55, 56]. cetween these patierns and the s. [hemeasured affinity

between a pattern and an ALC needs to exceed a certain
Focusing on the classical view of the NIS, there are gweshold for the pattern to be detected by the ALC. Patterns

few basic concepts that must be considered to model tii&" b € Ireplres((jantedtas vezcéors of glloatlng-?glnt Vajl_geSSES]'
proposed artificial immune system: nominal-valued vectors [23], or binary strings [15, 33].

Depending on the representation of the patterns in the AIS,
« There are trained detectors (artificial lymphocytes) thahe Euclidean distance [55] or the Hamming distance [15]
detect non-self patterns with a certain affinity. between an ALC and a pattern can be used as a measure of
o affinity. The above-mentioned measurements indicate the
« The affinity between an ALC and a pattern needs t0 bgmjlarity between an ALC and the pattern. A low similarity
measured. The measured affinity can indicate to whah e indicates a stronger affinity between an ALC and
degree an ALC detects a pattern. the pattern. The measurement of affinity can also be done
the representation of tHésin_g ther-co_ntinuous matching rule [23, 33], Whi(_:h is a
r@:;utlal matching rule: An ALC detects a pattern if there
are r-continuous or more matches in the corresponding
« The artificial immune system needs a good repositorpositions. r is the degree of affinity for an ALC to detect
of self patterns or self and non-self patterns to train tha pattern. A higher value af indicates a stronger affinity
artificial lymphocytes (ALCs) to be self-tolerant. between an ALC and the pattern.

« To be able to measure affinity,
patterns and the ALCs need to have the same structu
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the set of ALCs. The affinity between the selected pattern
Training an AIS to find an optimal set of detectors carand each ALC in the set is calculated. The ALCs with a
be done supervised or unsupervised. In supervised learnitngher affinity value than a predetermined affinity threshold,
the training set consists of self patterns [23], non-selire cloned. The clones are mutated and the affinity between
patterns [29, 45], or self and non-self patterns. Each pattetine selected training pattern and each mutated clone is
in the training set has been labeled as self or non-self. Tlalculated. The mutated clones are then added to the set of
ALCs can be trained to become self-tolerant like a matur&LCs and the set is sorted in decreasing order of affinity.
T-Cell or to detect non-self patterns with a higher affinity.The firstS ALCs in the sorted set are then selected as the
The trained ALC set is then used to detect non-self patternsew set of ALCs. A selection dfl ALCs with high affinity
The ALCs can either be randomly initialised [23] or evolvedjoes into a memory pool. A number of randomly initialised
with a genetic algorithm to have a larger detection ratid\LCs replaces the ALCs with low affinity in the new set.
of non-self patterns in the training set [29]. Forrestal. The next pattern is then selected from the training set and
[23] used a technique known as negative selection to trapresented to the new set of ALCs until all patterns have been
ALCs to become self-tolerant. The training set consisteselected. The algorithm can also be used to solve complex
of self patterns represented by nominal-valued attributes problems, eg. multi-modal function optimisation [15, 18].
binary strings. The ALCs are randomly generated and tested
against the training set of self patterns. If an ALC does ndAs mentioned above, one of the drawbacks of negative
detect any of the self patterns in the training set, it is addesklection is that it is computationally inefficient to generate
to the ALC set. The training set is monitored by continuallyself-tolerant detectors to cover all of non-self space. The
testing the ALC set against the training set for changes itoncept of artificial recognition balls (ARBs) was introduced
self patterns, thus keeping the ALC set self-tolerant. Thiey Timmis [54] for a resource limited AlS. In this model
negative selection method can also be used to train ALCs dimere is a direct mapping between an ALC and a resource,
continuous-valued self patterns [27]. The continuous-valuad. an ALC is seen as a resource. An ARB has a general
negative selection method evolves ALCs that are the furthestpresentation for a number of ALCs. Each ARB allocates
away from the training set of self patterns with the leash number of resources based on its stimulation level. The
overlap among the ALCs to maximise the non-self spacgtimulation level of an ARB is directly proportional to the
coverage. A randomly generated ALC that is trained witlaffinity between an ARB and a pattern. The affinity between
negative selection does represent a pattern in non-self spaae, ARB and a pattern is measured by the euclidean distance
but not necessarily a non-self pattern in the testing set between the ARB and the pattern. Thus, the lower the
patterns. Thus, the trained ALC might never detect any afuclidean distance value, the stronger the affinity which
the non-self patterns in the testing set. Another approadmplies a higher stimulation level. The total humber of
is to use an evolutionary process to evolve ALCs towardesources of the system is bounded. Watkins adopted the
non-self and to maintain diversity among the ALCs [38]concept of ARBs [57] for a new classification model. To
The AIS in [48] applies a co-evolutionary genetic algorithnbe able to identify a memory cell, a training set of patterns
to evolve ALCs. The training set in [48] consists of self ands presented to the system. The system perceives all the
non-self patterns. ALCs are evolved towards the non-sgifatterns in the training set as non-self. A subset of the
patterns and away from the self patterns in the traininggaining set is used to create an initial batch of memory
set. Once the fitness of the ALC set evolves to a poirgells. Each of the remaining non-self training patterns
where all the non-self patterns and none of the self patteriss then matched against the memory cells. The memory
are detected, the ALCs represent a description of the concepell with the closest match to a specific non-self training

pattern is then cloned to form an ARB. The level of cloning
The above models are supervised training methods. determined by the strength of the affinity between the
CLONALG, developed by de Castro [15, 18], is an unsupemon-self pattern and the memory cell. The newly created
vised approach that models the clonal selection process ARB is then added to a pool of existing ARBs of the same
the natural immune system. CLONALG performs machineelass. Resources are allocated to an ARB depending on the
learning and pattern recognition tasks. In CLONALG theaffinity between the ARB and the presented non-self pattern
patterns and ALCs are presented as vectors of floating-pois well as the class of the non-self pattern. The number of
values. The euclidean distance between an ALC andrasources for each ARB increases through cloning, until the
pattern is used to measure the affinity. A low euclideaaverage stimulation level of the ARBs is above a certain
distance value indicates a stronger affinity between an AL&@reshold. When the limit for available resources has been
and a pattern. CLONALG perceives all the patterns in theeached by the ARBs, resources are removed from the ARBs
training set as non-self patterns. CLONALG uses a set ofith the lowest affinity until the limit is no longer exceeded.
ALCs with a fixed size ofs Initially all ALCs are randomly The ARBs with bad performance will have no resources
initialised in the set. Each pattern is then randomly selectedlocated to them and are removed from the pool. If the best
from the training set (without replacement) and presented tonatching ARBs in the pool have a higher affinity with the
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presented non-self pattern than the best matching memarysection IV(D)), determines an ALC’s status (defined in

cell in the memory pool, then the ARBs are added to theection IV(A)). ALCs with annihilated status are removed in

memory pool. Only the memory pool is used to classifyan attempt to have only mature and memory ALCs with opti-

non-self patterns in the test set. mum classification of non-self patterns. Thus, the number of
ALCs in GAIS is dynamically determined by the life counter

Timmis implemented the network theory by interconfunction based on the ALCs status, since only memory and

necting all of the ARBs in an AlS [53]. Links are establishednature ALCs are used to detect non-self patterns. GAIS has

between ARBs with a high affinity between them. Thereforéhe advantage to classify patterns in a problem space where

a network of linked ARBs is formed based on the affinityonly positive patterns are available for training.

among the ARBs. In the network of linked ARBs, clusters

are formed by ARBs based on their high affinity betweeit. Applications of the Artificial Inmune System

each other and the presented patterns. These clusters e

represent clusters in the data set. The ARB-network mod € artificial immune system has been successfqlly

of Timmis resulted in a successful unsupervised trainin pplied to many proplem _domams. These doma_uns

method to visualise data. Another unsupervised approach 9e from network intrusion and anomaly de_t_ectpn

cluster data, developed by de Castro and Von Zuben [1:5 ,0’ 21,22, 27, 30, 31, 38, 39, 51, 52] to data classification

constructs an edge-weighted graph of B-Cells. This model odels [49, 58] (the model of Eramarék a_l. [49] bridges
rf e models of [44] and [37]), virus detection [23], concept

referred to as aiNet. Some of the B-Cells are connected wi . i ,

edges, with a weight assigned to each edge. The assig 86”"”9_[48L data clustgr!ng [13], robotics [35, 56], pattern

weight represents the connection strength between thgeognition anq data mining [_7' 3_’3' 53, 55]. The AIS has
so been applied to the initialisation of feed-forward neural

connected B-Cells. Thus, the graph is not necessarily ful L weidh he initialisati ¢ ¢ dial
connected. The network is trained by representing non-sélftWork weights [17], the initialisation of centers of a radia
sis function neural network [16] and the optimisation

patterns to the interconnected B-Cells. The distance betwe . - i
B-Cells with the highest affinity for the non-self pattern,0 multi-modal functions [11, 25]. The mtergsted reader
are then decreased, thus increasing the weight between H;]ere_ferr_ed to [9, 12, 14] for more information on AIS
connected B-Cells. Immune network theory has also be&ppllcatlons.

successfully developed and applied to optimise multi-modal

functions [11].
IV. The Artificial Lymphocyte in GAIS

B. The Genetic Artificial Immune System Artificial lymphocytes (ALCs) are used by the AIS to

A high-level overview of the Genetic Artificial Imnmune Sys-detect and classify non-self patterns from self patterns.
tem is illustrated in Figure 2. The Genetic Artificial Im- It is assumed that all patterns in the AIS are represented
mune System (GAIS) presented in this paper represents By bit-strings. The different lymphocytes (as explained
patterns in space as binary vectors and uses the hammingsection 11(A)) are modeled into a general ALC with a
distance as affinity measure. A GA is used to evolve a sbit-string receptor. The receptor has a lengtlequal to the

of ALCs with maximum non-self space coverage and minlength of a self and non-self pattern. The ALC must adhere
imum overlap among existing ALCs (explained in sectiorio an affinity-distance threshold (ADT) to be able to detect a
V). The ALCs can either be trained with an adapted negaron-self pattern in a non-biological environment. From the
tive selection method (explained in section 1V(B.1)), or withprevious requirement for non-self detection it can be derived
an adapted positive selection method (explained in sectidhat the ALC’s receptor cannot bind or match a non-self
IV(B.2)). The affinity threshold of an ALC is used to deter-pattern with an affinity that is greater than the size of the
mine a match with a non-self pattern. With the adapted negpattern. ThereforeADT < k.

tive selection method the affinity threshold is determined by

the distance to the closest self pattern from the ALC. The aBnly mature ALCs are used to detect non-self patterns. An
gorithm is supervised, using a training set that consists of s&l C has mature status if and only if the ALC’s receptor
patterns. GAIS is different from existing AIS models in thatdoes not overlap with any of the known self patterns, used
the GA does not evolve ALCs towards non-self patterns (der training. The receptor of an ALC is randomly initialised.
in the model of Kim [38]), neither does it evolve ALCs with Training is then done by measuring the receptor of an ALC
a larger detection ratio of non-self patterns in the training sagainst the static incomplete set of known self patterns to
(as in the models of Hightoweat al. [29] and Oprea [45]). determine the ALC’s maximum affinity-distance threshold,
The main goal is to evolve mature ALCs to detect non-sekis discussed in section 1V(B). Calculating the maximum
patterns that have not been presented to GAIS during traiADT will prevent the ALC to overlap with the known self
ing. Surely, all evolved ALCs will cover non-self space, bupatterns in the training set and therefore prevent the ALC to
not all ALCs will detect non-self patterns. Therefore, a prodetect any of the known self patterns.

posed transition function, the life counter function (explained
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Figure. 2: High-level overview of GAIS

An ALC’s status is determined by a threshold functionl) Immature (no priority)

called thelife Counter (LC), which was presented and , . .
explained in [28]. The AIS uses the status of an ALC tcf‘n immature-ALC has not yet been trained on non-self pat-

determine which of the ALCs need to be discarded angrns and is therefore not self-tolerant. The immature status
replaced in the set of ALCs. The status is also an indicatio the initial status of randomly initialised ALCs and these
LCs have no LC-value. [28].

of an ALC's priority among the other ALCs in the set.

2) Annihilated (low priority)

A. Life Cycle of the Artificial Lymphocyte An ALC with this status has either been mutated to detect a

An ALC can have different states in its life cycle. Figure 3_self pattern or it has not detec’Fed any patterns as non-s_elf and
shows that the status of a trained ALC can be one of folf then declared as obsolete in the group of ALCs. Itis the
states, namely memory, mature, immature or annihiIatefi‘.nnih“""t(ad ALCs that must bg replac_eq by newly constructed
The status of an ALC determines its priority in a group of" evolved A.LCS.,. An ALC with annihilated status have an
ALCs: states are prioritised into high, medium and low. Th&C-value which is close to 0.0 [28].

life counter maps the states to a continuous rgige) (i.e.

LC : {low, medium, high} — (0,1)). A life counter value 3) Mature (medium priority)

closer tol.0 indicates that the ALC has a higher priority thanA
an ALC with a life counter value close 0. The LC-value
of an ALC is calculated at specified time steps. The tim
step can be set to a constant iteration $iz&) of incoming
patterns [28]. The different states are explained below.

mature-ALC detects non-self patterns on a regular basis.
An ALC in mature status will be demoted to annihilated sta-
fus if the ALC starts to detect less or none of the non-self
patterns. If the ALC starts to detect non-self patterns more
frequently it will be promoted to memory status [28].

/‘\ /‘\\ 4) Memory (high priority)
e AN /N Memory-ALCs detect non-self patterns more frequently

(0 ture ature lemol )
\{m,//) \ iﬁv) (\Mvry/\ than mature-ALCs. Memory-ALCs are given a higher
N priority than other ALCs by evaluating an incoming
A pattern before other ALCs, resulting in a faster non-self
% detection. These ALCs are not mutated nor replaced by

any newly constructed ALC. An ALC in memory status

cannot be annihilated and first needs to be demoted to
mature status. This happens when an ALC in memory
status does not frequently detect non-self patterns as before,

Figure. 3: Life cycle of a lymphocyte
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resulting in demotion to mature status. An ALC with mem-

ory status have an LC-value which is more biased to 1.0 [28]. @
An ALC with immature status has not yet been trained false
by the AIS and can therefore not be used to detect any positives

non-self patterns. ALCs with the annihilated status (low
priority) have a higher probability to be replaced by newly
constructed ALCs than ALCs with mature status (medium
priority). As long as an ALC has memory status (high unknatn
priority), the ALC will never be replaced with a newly self
constructed ALC, since the memory ALC has a higher

probability in classifying a non-self pattern than an ALC

with mature status or even annihilated status. Therefore

it is important to determine, at any time, which ALCsFigure. 4 Venn-diagram of Adapted Negative Selection
are in memory status. The LC threshold function is use8LC

to dynamically determine the status of an ALC and to

automatically change the status of an ALC if required [28]. gistance of the self pattern furthest from the ALC. Figure 5

o shows that, with positive selection, the self pattern with the
B. Training an ALC to Cover Non-self Space largest hamming distance to the ALC is used to determine

An ALC can be trained with either the positive selectiorf€ minimuma,,s.
method or the negative selection method. An ALC is trained

with an incomplete static set of self patterns. A non-self pat-

tern can be incorrectly classified by an ALC as a self pattern,

which is referred to asfalse negativeA self pattern can also

be incorrectly classified by an ALC as a non-self pattern, re-

ferred to as dalse positive Prior to training, the bit-string false
receptor of an ALC is randomly initialised. The two train- positives
ing methods differ in that negative selection trains an ALC
not to match any self pattern in the training set, in contrast
to positive selection, where an ALC is trained to match all of i J
the self patterns in the training set. Both negative and posi- 7 \mown
tive selection methods determine the best ADT for the ALC. unknown
Adapted versions of the two selection methods are described self
next.

false self
negatives

negatives

. . Figure. 5. Venn-diagram of Adapted Positive Selection ALC
1) Adapted Negative Selection

The adapted negative selection method trains an ALC to hafgures 4 and 5 also illustrate the drawbackad$e positives

a maximum affinity-distance threshold,.,, that does not andfalse negativesvhen the respective selection methods
overlap with the self set (as illustrated in Figure 4). A pattertrain an ALC with an incomplete static self set. In Figures 4
will be detected as non-self by an ALC if the hamming disand 5, theknown selfis the incomplete static self set that is
tance between the pattern and the ALC is less thap. To  used to train the ALC. Thanknown selfis the self patterns
guarantee a maximum,., with no overlap with selfa,., that are not known during training or represents self patterns
is set to the hamming distance of the nearest self patternudich are outliers to the set &hown selfpatterns.

the ALC. Figure 4 shows that, with the adapted negative se-

lection, the self pattern with the smallest hamming distanag@. Matching a Non-self Pattern

to the ALC is used to determine the maxim . . . .
g The natural immune system has the ability to memorise fre-

quently detected antigen. A B-Cell that frequently detects
antigen goes into memory status. The B-Cells with mem-
The adapted positive selection method trains an ALC to hawey status are used by the immune system in a secondary
a minimum affinity-distance threshold,,, that does over- response to detect antigen much faster than the primary re-
lap with the self set (as illustrated in Figure 5). A pattern willsponse. Inorder to model the NIS’'s memory ability, it is
be detected as non-self if the hamming distance between tingportant to keep record of the number of non-self pattern
pattern and the ALC is greater thay,s. To guarantee a min- matches (or detections) made by an ALC. After classifying a
imum ay,s With overlap with selfa,, is set to the hamming number of non-self patterns, the number of non-self matches

2) Adapted Positive Selection
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by an ALC will determine the ALC’s matching ratio. The must hold for an ALC to detect a non-self pattern. As dis-
Hit Counter (HC) of an ALC is updated to keep record of cussed in the previous section, the value/ (£, r) indicates
the number of matches. The hamming distandg, r), be- the specificity with which an ALC's receptor matched a non-
tween a pattern and the ALC's receptor can be used to detself pattern. A larger value of(x, r) indicates a less exact
mine if the ALC detects a non-self pattern, defined as followsatch to the pattern of the receptor. Singg, indicates the
maximum ADT to a self pattern, the complemént- a,,,
k indicates the maximum ADT to a non-self pattern. Then,
(x,r) = Z XOR(zi,1:) @) % is the difference ratio of a pattern to the receptor.
=1 The HC of an ALC that matches a non-self pattern less ex-
act (i.e.y(x,r) — k) than an ALC wherey(x,r) — apos, IS

wherex is the bit-string of the pattern that needs to be Classlﬁcremented (rewarded) more. After a pattern has been clas-

fied,r is the bit-string of the receptok OR is the exclusive- sified as non-self, th& C of an ALC is incremented with.0

Z:\gztvi\;efﬁeﬂé?zg'tsf 0; t;:]aetttg\r/r? b'_tljﬁggg:i t:srgitr-]mriz); i e(for detecting the non-self pattern) and then rewarded by the
. <. y(X,E)—apo0s ..

ments for an ALC to be able to detect a non-self patterﬁj.'ffere_ncg ratio k—apos The HC for adapted positive

These requirements together with how tHeétCounter of selection is calculated as

the ALC is updated, are explained in section 1V(C.1) and

section IV(C.2) for the adapted negative and positive selec- (

. . VX, T) — Gpos
tion methods respectively. HC=HC+1.0+ ()p) , 0 <apos <k (3)

k— QApos
1) Adapted Negative Selection Hit Counter with the initial value of (' — 0.
An ALC which is trained with the adapted negative selection

method can detect all non-self patterns which are closer §) The Hit Ratio

the ALC than the closest self pattern to that ALC (as dis- ) ) _
cussed in section IV(B.1)). This means that the relatior,"€ HitRatio (HR) of an ALC is calculated after a spec-
Y(X,T) < aneg, Must hold for an ALC to be able to de- ified number of patterns has been classified, referred to as

tect a non-self pattern. The value ofx, r) indicates the the IterationSize (IS5). The HitRatio (HR) is calculated
specificity with which an ALC's receptor matched a non-selP@séd on parametefsC' and/.5, as

pattern.v(x,r)—0 indicates a more exact match to the pat- HCO

tern of the receptor angl(x,r) — a,., a less exact match. HR(HC,IS) = — 4)

. . : . 18
Then, W is the difference ratio of a pattern with the re-
ceptor. The complement df‘—z) which is1.0 — 28 is [ R s calculated to determine an ALC’s detection ratio of

the similarity ratio between a pattern and the reaégi)tor. Theon-self patterns in an iteration, i.e. the number of non-self
HC of an ALC that matches a non-self pattern more exagtatterns that were detected or matched by an ALC during an
(ie. (x,r)—0, 1.0 — 2= 1 0) than an ALC where iteration.

¥(X,1) — apeg, Must be ingcremented (rewarded) more. Af-

ter a pattern has been classified as non-self Hideof the D. The Life Counter

ALC is incremented with.0 (for detecting the non-silfr?at- Section IV(A) briefly introduced the life counter function

tern) and then rewarded by the similarity ratio) — A/a(niq and stated that the life countef£(’) determines in which
The HC for adapted negative selection is calculated as  state an ALC is at any given time. THe&®' maps the states
to a continuous range, i.eLC : {low, medium, high}
— (0,1). The value of the LC depends on the ALJER,
HC=HC+1.0+ (1.0 — M) , 0 < apeg <k (2) the minimum matching ratiqcoverage of non-self space)
Oneg of an ALC, and thelS. An ALC converges to memory
status if the number of classified non-self patterns is greater

with the initial value of HC = 0. than the number of patterns in the non-self space covered
by the ALC. An ALC converges to annihilated status if
2) Adapted Positive Selection Hit Counter the number of classified non-self patterns is less than the

o ) ) N number of patterns in the non-self space covered by the ALC.
For an ALC which is trained with the adapted positive selec-

tion method to detect a non-self pattern, the non-self pattefithe minimum matching ratio3, of an ALC to detect
needs to be further away from the ALC than the furthest sef hon-self pattern is calculated as follows:

pattern to that ALC (as discussed in section IV(B.2)). The

following relation,y(x,r) > apos = V(X,T) — apos > 0.0, « for an ALC trained with the adapted negative selection,
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>\Sigmoid < 0. Thus,

Gne
67169 =10~ Tg (5)

« for an ALC trained with the adapted positive selection,

T(IS) = g()‘SigmoidaIS) (8)

satisfies the requirements.

ﬁpos = al;fos (6)
_ The steepnessAgigmoid, represents the rate at which
The ALC's life counter can be calculated after edchpat-  an ALC converges to memory or annihilated status. The
terns to determine the ALC’s state. The next section explaing p-value of an ALC indicates the ratio at which an ALC
the life counter threshold function that is used to determingatched non-self patterns (as explained in section IV(C.3)).

the ALC's state. Therefore, theH R-value determines the convergence ratio
. _ at which an ALC converges to memory or annihilated status.
1) Life Counter Threshold Function An increasingH R-value implies an increasings;gmoid,

After IS patterns have been classified, the LC threshol@hich results in faster convergence of an ALC from mature
function, 7, is calculated to determine the status of an ALCIC memory status. A decreasing R-value implies a

The 7-value of an ALC is based on thE R, 3 and IS of decreasin@\s;gmoid, Which results in faster convergence of
the ALC. The requirement for is that+ € (0,1), thus a @n ALC from memory to mature or mature to annihilated

function with a range of0, 1) is needed, i.e. status.

7(IS) — (0,1) From the previous statements it can be derived that if
HR > 0, then\gigmoia > 0 for 7(I1S) to be a monotonic

] ) o increasing function, implying convergence to memory
7(1.5) must be a continuous function and monotonic increasgatys. TR < 0. then Asigmoia < 0 for 7(IS) to be

ing from mature to memory status, and monotonic decreag- monotonic decreasing function, implying convergence
ing from memory to mature or mature to annihilation. Thei0 annihilated status. IR = 0, then Ag;gmoia = 0 for
sigmoid function illustrated by the dashed line in Figure 6, IS) to be a linear function, with(I5) — 0.5 for all
satisfies these requirements. The sigmoid function is defin , which implies that there is no convergence to memory
as or annihilation. To achieve one of the above situations, the
steepness of the status transition function must be a function
of HR with a range of(—1,1). The minimum matching
ratio 3 of an ALC also influences the rate at which an ALC’s
06 - 1 status moves from one state to the next. The rate of a state
oal il transition should be faster for an increasifigthan for a

g smaller value of3. A faster transition rate is obtained with
a steeper gradient of the state transition function, which is
0 achieved witt\g;gmoiq > 0. A slower transition is obtained
o2} , for a smallerd by using a\g;gmoeia < 0.

0.8 [

0.2 |

04

The requirements foXg;gmoiq can be fulfilled ifAg;gmoia 1S

oer 1 a function of the hyperbolic tangent function, defined as (see
08 1 the solid line in Figure 6)
10 5 0 : 10 fx x ) = 2 -1 (9
Hyper, & Hyper 1+ e(_/\Hyp” X THyper)
Figure. 6: Hyperbolic Tangent Function and Sigmoid Func-
tion whereA gy per controls the steepness BtA myper, T ryper)-
Thus,Asigmoiq IS defined as
1 )\S'igmoid = f(ﬁa HR) (10)
A igmoid; igmoid) — 7 — 2
g( Sig d» L5ig d) 1+ e(—Asigmoid X TSigmoid) ( ) = m -1 (11)

where  Agigmoid controls the steepness of

9(Asigmoid; LSigmoid)- The steepness of the above hyperbolic tangent function is
controlled bys3. A large value of3 causes a higher rate

9(Asigmoid, Tsigmoid) 1S @ monotonic increasing func- of change of f(3, HR). This higher rate of change in

tion if Asigmoia > 0 and a monotonic decreasing function if f(3, H R) ensures an increasing slope for the state transition
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function g. A smaller value of3 causes a lower rate of resulting in a monotonic decreasipglf EM R < ’}’—g then
change off (6, HR). The lower rate of change if(3, HR) HR > 0, which results in a monotonic increasigg With
ensures a decreasing slope for the state transition functitre redefinedi R, not all the ALCs will converge to memory,

g. Values of HR > 0 will cause a positive output for and those that match less non-self patterns as expected, move
f(B, HR) to ensure a monotonic increasing state transitiotoward annihilated status.

function. The state transition function will be a monotonic

decreasing function for values ¢f3, HR) < 0. The values

of f(ﬁ’ HR) will be negati\/e ifHR < 0. V. GenetiC Algonthm to EVOIVe an ALC
In summary: qut AIS§ use a static set.of randomly initialised ALQ;,
trained with either the negative selection method or positive
7(IS) 9(Asigmoid, 15) (12) selection method. The static set of ALCs is then used to
detect non-self patterns. A drawback of using a static set of
= 9(f(8,HR),1S) (13) ’ 2

ALCs is the specified size of the set. If the size of the set
(14) istoo large, there might be a higher average overlap among

ALCs. The consequence of a small set size is the premature
where (3. HR) 2 1 coverage of non—sglf space among ALCs. This section

Ut ) = TR shows how a genetic algorithm (GA) can be used to evolve

The definition ofH R in section IV(C.3) wherd S > 0and & dynamic set of ALCs. An advantage of a dynamic set of
HC > 0, will result in HR to always have positive values. ALCs is that the size of the set is dynamically determined
With }IC > 0andj > 0, f(3, HR) > 0. This results in a by the algorithm. The interested reader is referred to
monotonic increasing functior, This means that function [2.3, 24’.32] for more information on GAs. The evolved set
g will always converge td.0 and all ALCs will either stay in of ALCs is used to detect non-self patterns. The success and

the mature status or converge to memory status. To prev iciency of the GAIS is mainly influenced by the quality of
all the ALCs to converge to memory, a constant detectio e ALCs in the evolved set. Initially the active set of ALCs
ratio can be subtracted frof R. The constant detection Zj,:mp% Thded pgrposrf of the GA |sftzféolv%0n§ Optllm%l
ratio, referred to as the expected matching rabid{ R), is to be added to the active set o S. kach evolve

: ; ; ; ALC considers the training patterns as well as the existing
explained in the following section. ALCs in the active set to satisfy the following objectives: the
main objective of the GA is to evolve an ALC to be added to
the existing active set of ALCs such that the evolved ALC
The expected matching ratid(// R) is a detection ratio to maximises its ADT if the ALC was trained with the adapted
control the number of ALCs that would converge to memoryegative selection method or minimises its ADT if the ALC
(annihilated) status after classifyidg patterns, i.e. the de- was trained with the adapted positive selection method. In
tection ratio of non-self patterns expected from an ALC in aaddition to the main objective, the GA also needs to evolve
iteration of .S patterns. TheZ M R needs to be updated soan ALC to minimise the average overlap with the existing
that after each iteration, theM R represents a more correctALCs in the active ALC set. Maximising the distance
rate of non-self patterns that can be expected to be detectaeztween the new ALC and the active ALC set guarantees
by an ALC in the next iteration of S patterns. If, is the that the evolved ALC has the lowest average overlap with
number of non-self patterns detected in the current iteratiothe existing set of ALCs, forces greater coverage of non-self
then & calculates the matching rate of non-self patterns pepace, and minimises the number of ALCs in the active set.
iteration. TheE M R for the next iteration is updated to the
average over the current matching ratio and the current itergr the case of the adapted negative selection method,
tion's EMR, i.e. an ALC with the maximum hamming distance from the set

of self patterns implies that the maximum non-self space is
EMRy + 15 (15) covered by the ALC without overlapping with the self set.
2.0 In the case of positive selection, an ALC with the minimum
hamming distance from the set of self patterns implies that
where EM Ry, 1+ is the calculated expected matching ratidhe similarity between the evolved ALC's receptor and the

for the next iteration. Thé/ R function can now be redefined set of self patterns need to be maximised for maximum
as non-self space coverage. Thus, the GA used in GAIS,

HR(HC, IS, EMR) = % _EMR (16) optimises multiple objectives [8].

1
1+ e(—/(B.HR) X I5)

2) The Expected Matching Ratio

EMR}H_l -

The GA has an initial population of randomly gener-
The redefinedd R function implies that if an ALC detects ated ALCs (as shown in Figure 7). The fitness of each ALC
less patterns as expecteB X/ R > If—g) then HR < 0, in the population is calculated to be proportional to the
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ADT and overlap with other ALCs (refer to section V(C)).in the data set. The calculated interval of each attribute is
The evolutionary process stops as soon as the maximudivided intob bins, where each bin represents a group of
number of generations is reached or the fitness of the AL@lues. The following equation is used to determinelitme
population has converged. The fittest ALC in the populationf an arbitrary valuez. ;,

is then selected to be added to the active ALC set. The
operators and other design aspects of the algorithm are

tors : Tej — MiNe=1,.c{Tc;}
explained in more detail below. G(2e,;) =

: *xb
Mmae=1,...c {Tcj} — Mine=1, .c {xc;}

: : : 7
The GAIS algorithm has two phases (as illustrated igyheres, ; is the floating-point value of attributein pattern
Figure 7). In phase 1, the GA is repeatedly applied until thﬁ andC is the number of attributes in a pattern.
active ALC set in phase 1 has converged (as explained In
section VI(B)). The GA in phase 1 of GAIS is summarisedrpe floating-point value in the pattern is now in nomi-

below: nal form which needs to be coded to binary. The number
of groups or bins an attribute has, is used to determine the
number of bits needed to represent the nominal values of an
2. randomly initialisel chromosomes as populatiéf, attribute. The number of bits per attribute is calculated as

1. setg=0 (g is the generations counter)

3. while H, has not converged, or the maximum number N =log, b (18)

of generations are not exceeded _ )
whereb is the number of bins.

(a) evaluate the fitness of each chromosomefin
based on whether adapted negative or adapted pd&ie binary encoded attribute values represent the receptor of

itive selection is used an ALC.
(b) apply cross-over as follows (as explained in sec- - ]
tion V(D)) B. The Initial Population
i. select two parents The initial population of the GA is a set of ALCs with ran-

ii. apply uniform cross-over between the two Se_dom_ly_ i_nitialised r_eceptors. Random selection ensures that
lected parents and add the offspring to the Sépe initial population of chromosomeg has a good um_form
of offspring coverage of the search space. The size of the populatjon,

is static throughout the evolutionary process.
(c) apply mutation as follows (as explained in section

V(E)) C. Evaluating Fitness of Chromosomes

I select a candidate chromosome from the offpg A Cs in the AIS can be trained with one of two selec-
spring set tion methods (as explained in section IV(B)). The fitness of
ii. mutate the selected candidate an ALC is calculated based on the selection method used and
(d) select the new generation from the previous genepy the average distance between the ALC and the eXiSting set
ation and the Offspring set (as exp|ained in Sectioﬁf ALCs, and the ALC’s a.fflnlty distance threshold. The first
V(F)) objective to be optimised by the GA is to evolve an ALC
© g=g+1 with the largest average hamming distangéD, r), from
an existing set of ALCs. This objective ensures that the GA
evolves an ALC with the lowest average overlap with an ex-
isting set of ALCs. The average hamming distance from an
Each chromosome in a population represents a potentitisting set of ALCs is calculated as follows
solution, and consists of the set of parameters (genes) for <P
which optimal values need to be foundllelesare specific x(D,r) = M (19)
values from the domain of the corresponding parameter P

assigned to a gene. Thus a chromosome represents one ALC. . ] )
where D is the active ALC setpP is the number of ALCs

Each ALC has a bit-string receptor of fixed length, in the active seD, d, is the receptor of théth ALC in the
(as explained in section IV). These receptors are used #5tiVe set and is the receptor of the ALC from which the
detect or match patterns (as explained in section IV(C)Rverage hamming distance must be calculateid.the ham-
Therefore all patterns that need to be classified by an ALC%ING distance betweed; andr, defined as

receptor must first be coded to a bit-string. Patterns with i<k

floating-point valuv_as are discretised usinigning an!ng ~(dy, 1) = ZXOR(dl”Ti) (20)
calculates the valid interval of values for each attribute

A. ALC as a Chromosome

=1



Optimised Coverage of Non-self with Evolved Lymphocytes 139

where XOR is the exclusive-or between the bits@f and wherew; andw, have the same meaning as for adapted neg-
r, i is the bit-index and: is the size of the receptor. ative selection (explained in section V(C.1)).

The second objective that needs to be optimised by the Parent Selection

GA is to evolve an ALC with an optimised affinity distance .
threshold. The second obijective differs for each selectioFﬁfarentchromosomes are randomly selected from an elitist set
method as explained below. of chromosomes [26]. These selected parent chromosomes
produce a set of offspring through uniform crossover (as ex-
) ) ] plained below). The elitist set of chromosomes consists of
1) Adapted Negative Selection Fitness ¢ best individuals in the population. The number of the in-

As mentioned in the previous section an ALC can be trainedfviduals in the elitist set;, is known as thgeneration gap
with one of two selection methods. In the case of the adapt&d@d is calculated as

negative selection, the GA needs to evolve an ALC that

has the maximum affinity distance threshald.,. This c=1Ixe (23)
objective ensures that the GA evolves an ALC with the

maximum hamming distance from the set of self patterngynerec is the percentage of elite, with € (0, 1.

An ALC with maximum hamming distance from the set

of self patterns implies that a maximum non-self space ighe selected individuals are thebest individuals that will
covered by the ALC without overlapping with the self set. grvive to the next generation to ensure that the maximum

. ) ) . fitness in the population does not decrease. A small value
The fitness functionu,,, for an ALC trained with the of . results in more diversity among the individuals for the

adapted negative selection is defined as next generation. It is too big there will be less diversity
among individuals for the next generation. After the elitist
Uneg = W1dneq + wax (D, 1) (21) set has been created, the GA applies uniform crossover

between randomly selected parents with probabifity, to
produce offspring [19]. Uniform crossover uses a randomly
generated bit mask that has the same size as the number of
genes in the chromosomes. The gene in the mask that has
value of one indicates that the specific genes have to be
swapped between the two parents, producing two offspring.

The produced offspring forms part of the offspring set for the

has no influence on the ALC's fithess and the fitness is d%hrrent generation. The crossover probability, decreases

termined only bya,.,. With wy = 1.0, a,ey has no influ- - : . : :
neg L med : with an increase in the number of generations, i.e.
ence on the ALC'’s fitness and the fitness is determined by g

x(D,r). The value ofw, is calculated asy = 1.0 — wy, —10_9 (24)
and the value ofv, is problem dependent, obtained through Pe =2 G
cross-validation.

with wy + wy = 1.0 wherew;, wy € [0,1]. w; andw, are
weights that determine the influence that, and x (D, r)
have on the fitness of an ALC, respectively. Since there
no conflict betweem,, andy(D, r), the sub-objectives are
only weighted withw; andw,. With w; = 1.0, x(D,r)

whereg is the completed number of generations a@nds

the maximum allowed number of generations. With an ini-
tial valueg = 0, p. will have an initial value equal to 1.0,

In the case of positive selection, the GA needs to evolvignplying a high probability of crossover. As the population
an ALC that has the minimum affinity distance threshol@volves and becomes more fit, the need to exchange genetic
apos- This objective ensures that the GA evolves an ALGnaterial between fit individuals decreases. Thus the proba-

with the minimum hamming distance from the set of selbility of crossover decreases as the population evolves.
patterns. This objective implies that the similarity between

the evolved ALC's receptor and the set of self patterns neegs putation

to be maximised. The similarity between two patterns is

calculated by the complement of their hamming distancd "€ created offspring (as explained above), is randomly se-
i.e. k — a,0, Wherek is the length of the receptor ang,. lected for mutation. The GA applies random mutation on the

the ADT. selected individual with probability,,, [19]. Random mu-
tation selects genes randomly, and each gene’s value is re-

The fitness function,v,.,, for an ALC trained with Placed with its complement (with probability,). The prob-
adapted positive selection is defined as ability, p,,,, is calculated for each selected individual using

2) Adapted Positive Selection Fitness

k—x(D,r
Upos = W1(k — apos) + wax(D, 1) (22) Pm = 7)(]5 ) (25)



140 A.J. Graaff and A.P. Engelbrecht

This section explains the second part of phase 1 and phase 2
wherek is the length of the ALC’s receptor and D,r) is  of the classification process of GAIS.
the average hamming distance between the ALC and the ex-
isting set of ALCs.2=X(2:r) gives the average similarity rate The GAIS algorithm is illustrated in Figure 7 and sum-
between the ALC's receptor and the existing set of ALCgnarised below:
Since one of the objectives is to ensure that the GA evolves
an ALC with the lowest average overlap with an existing séBeginning of phase 1
of ALCs, p,,, should be proportional to the similarity rate. A o _ _
high similarity rate implies that the ALC needs to be mutated 1. Initialise the active ALC set}), to contain no ALCs.
with a high probability (mutation rate) to evolve a mutated . .
ALC with the lowest average overlap with an existing set of 2- While no convergence i,
ALCs. A low similarity rate implies that the ALC has a low
average overlap with an existing set of ALCs and thus the (@L=L+1

rate of mutation must be low. (b) Use GA to evolve a new ALC

F. Selection of the New Population (€) Add best ALC from GA toD,
The new population for the next generation is selected frofnd of phase 1

both the parents of the current population and the offspring.

As mentioned in the previous section, all individuals in théBeginning of phase 2

elitist set survive to the next generation without any mutation

to ensure that the maximum fitness in the population doesl. Setthe expected matching ratio = 0N/ R = 0.0)
not decrease. The remainder of the new population is filled

with the fittest offspring, determined using linear ranking, 2. Obtain an active set of ALCd), from phase 1
where individuals are sorted according to their fithess [26].

Offspring with a high rank has a higher probability of being 3. While not all patterns have been classified

selected.
(a) fori=0, ..., 15 —1

G. Convergence of the GA i. if a non-self pattern is not detected by active
The GA is terminated when the maximum number of genera- setD
tions is reached or when the difference in the 2-point moving A. Try to detect the non-self pattern with an-
average between the fitness of the new population and the fit- nihilated setd
ness of the previous generation’s population is less than B. Move annihilated ALCs that detected
The 2-point moving average is calculated as non-self patterns from to D
u(Hy—1) + p(Hy) ii. UpdateHC of each ALC inD that detected
Iy = 20 (26) the non-self pattern

(b) forl=0, ....,|D| -1
whereu(H,_1) is the average fitness of populatiéfy,_1,

w(H,) is the average fitness of populatiéfy, andg is the i. Calculate thel.C' of ALC,
current generation numbey,, is calculated after each gener- ii. Calculatex(D, d), whered, is the receptor
ation. The populatiott/, has converged ifi; 1 — pi| < pr of ALC,

fori = g — WindowSize,....,g. The WindowSize in-

dicates the number of consecutive generations for which  (¢) Move all ALCs with annihilated status fro to

|i—1 — pi] < pr must hold for the algorithm to converge. A.
A small difference in moving average, i.e. less than, (d) Update the EM R (as explained in section
implies that the reproduction and selection operators on the IV(D.2))

populationH; resulted in a minor change on the average fit-
ness of the population and thus further evolution is unnecegnd of phase 2
sary.
Several aspects of the above algorithm need to be ex-
VI. The GAIS Algorithm plained in more detail, for example the initialisation process
of D in phase 1 and the convergence of step 2 in phase 1.
The GAIS algorithm has two phases (as illustrated in Figur€hese aspects are discussed in the following sections.
7). The GA in phase 1 of GAIS was explained in section V.
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A. Initialisation of the ALC Set VII. Experimental Results

The initial active ALC set is defined as the empty set
Dy ={}. The best ALC obtained from the GA is addedThis section presents and discusses the experimental results
to D, until step 2 in phase 1 converges. The active set &f the GAIS model on different classification problems. The

ALCs, D, therefore grows i.e. performance of GAIS is investigated under different control
parameter values. The data sets were collected from the
Dy = Dy_1 U{ALC}} 27) UCI Machine Learning Repository [5]. The patterns in each

data set were discretised and converted to binary strings (as

explained in section V(A)). For each experiment, one of the
whereALC) is the best ALC obtained from the GA ahd=  classes of a data set is selected as the self set. The self set
0,...... ,L. L is the number of iterations before convergence ifis then used to train the ALCs with the adapted negative
phase 1 is reached. The active 8bt is used by the fitness selection and the adapted positive selection methods. The
function in the GA to ensure that the newly evolvédC; is  other classes in the data set represent the non-self patterns.
on average the furthest away from the active ALCBgt

All experiments used a 30-fold cross validation self
B. Convergence of Phase 1 in GAIS set. The self set was randomly divided into thirty disjoint

In GAIS in oh 1 i hed wh r\E,egs. The ALCs were trained on 29 of these self sets and
n ; convergence in phase 1, step 2 is reached when th o tested with a test set that consisted of the remaining

difference in the _2-p0|nt moving average _betwee_n the f|tne§%|f set (the training set that was left out during training) and
of D.L‘l andDy, is less therur. The 2-point moving aver- the unseen non-self patterns. For each experiment the initial
age is calculated as follows population size of the GA was set to 100 chromosomes

(I = 100) and the percentage of elite was set to 30%
(28) (e = 0.3). The window size in the GA and GAIS was set
to 4.0 WindowSize = 4.0) andur = 0.01 to test for
convergence in the population and ALC set respectively. All
experimental results are averages over 30 simulations with
the selected self class italic print.

~ w(Dr—1) +p(Dr)
nr = 20

where u(Dy_1) is the average fithess of sé?;,_; and
wu(Dyr) is the average fitness of sébr; pp is calcu-
lated after each evolved ALC is added £yy,_;. Conver-
gence is reached whep;_1 — | < pr forl = L —
WindowSize, ...., L. After convergence, all the ALCs in the
active setD;, are trained with one of the selection method

Tables 1 to 5 show the parameter settings for each
dataset to obtain the best results. The results in tables 1 to 5,
%tarting with the leftmost column, are the selected class as

(as explained in section IV(B)). self, the iteration size (IS) and parametar+ 100% (W1) in
o the fitness function of the GA (recall thak = 1.0 — wy).
C. Linking Phase 1 and Phase 2 The following results are the averages after the ALC set in

The GA in phase 1 is repeatedly applied until convergen(,(éNS has converged and gll pattern_s were classified: the
in phase 1, step 2 is reached (as explained in section VI(Bjjverage number of ALCs in the active set (#ALCs), the
The ALCs in the active set), are then trained in phase 2 @verage number of ALCs in the active set with memory
with one of the selection methods (as explained in sectichalus (#MemALCs), the average number of false positives
IV(B)). The EMR is set t00.0. The GAIS algorithm then (#P0s), the average number of false negatives (#fNeg), the
uses the trained active sét to try and detect a set of pat- AV€rage affinity dlstance_ threghold in the active set (ADT)
terns equal to the iteration sizES, as non-self patterns. If a @nd the average hamming distance between ALCs in the
pattern was not detected [, the annihilated set of ALCs is active set (HD). The average HD indicates the average
used to find a match. If an ALC in the annihilated set matchd®Mming separation among ALCs in the active set to cover
the pattern as non-self, the annihilated ALC becomes matuf@n-self space. A higher value of HD indicates less overlap.
and is moved td). The hit counterC, of each ALC inD The standard deviation is given in parentheses. The average
is updated if the ALC detected a pattern as non-self (as eumber of misclassified patterns for a specific parameter
plained in section IV(C)). After all the patterns in an iteratiors€tting is calculated as

have been classified, the life countef/.S), of each ALC in

the active seD is calculated to determine in which state an

ALC is. The ALCs that have annihilated status are removed

from the active setD and inserted into the annihilated set # Misclassified = falsePositives + falseNegatives
which contains all previously annihilated ALCs. ThE\/ R (29)

is then updated (as explained in section 1V(D.2)). The next

set of patterns equal 6 is then classified by GAIS until all Note that the accuracy is the average over all iterations. The
the patterns have been classified. interval-values for IS were calculated as
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B. Wisconsin Breast Cancer

IS = is « Size of data sets € [0.25, 0.50, 0.75, 100]
(30)

. . _The Wisconsin breast cancer data set consists of 699 patterns
The total Sr}‘zjg‘gfet?,gfdgtegas%?”s that the GAIS executes 'that are distributed between 2 classes, namely benign and
therefore IS - The selected values fan, malignant. Each pattern consists of 9 attributes with values
were calculated as in the range [1,10]. The tenth attribute is the pattern’s sample
code number and uniquely identifies the pattern in the data
wy = @’ W1 e [25, 50, 75, 100] 31) set_. .The samplg code number was therefore left out in the
100 training and testing of the GAIS model. There are 16 miss-
ing attribute values for the bare nuclei attribute in the data
set. The missing values were represented by binary strings
as straight 1's. 458 patterns are of the benign class and 241
patterns of the malignant class. The patterns were converted
A. Iris to binary strings of length 36.

The iris data set contains three classes of fifty instancsble 2 shows the results for classifying the Wisconsin
each, where each class refers to a type of iris plant. Thmeast cancer data set with patterns of thenign class
setosa class is linearly separable from the versicolor claaad malignant class as the self set. The ALCs trained
and the virginica class. The versicolor class and the virginican the benignclass with negative selection had a correct
class are not linearly separable. The dataset consists of 1&8ssification of 98.907% with an average number of 34.567
patterns, evenly distributed among the three classes (33.3®#Cs, with an average HD of 17.499. The ALCs that had
each). Each pattern consists of four continuously valudoken trained with positive selection on thenignclass as
attributes. The patterns were converted to binary strings e&lf had a correct classification of 98.798% with an average
length 20. number of 33.800 ALCs, with an average HD of 17.490.
Comparing these results shows that there is neither a major
difference in correct classification between the two different
Table 1 shows the parameter settings for IS and W1 to obtdiraining methods nor in the average number of ALCs or
the best classification results for the different classes in thdéD with the same parameter settings (1S=524, W1=25),
Iris data set. As a first experimergetosawas selected as though negative selection does have a slightly better correct
self. The best result for training the ALCs with negativeclassification than positive selection. With the patterns from
selection orsetosaas self, is with 1IS=37 and W1=50 where the malignant class as the self set the negative selection
the average number of ALCs in the active set of ALCsnethod obtained a correct classification of 93.395% with
(#ALCs = 16.427) and the false positive classification (fPoan average number of 33.033 ALCs, and an average HD
=0.500) was the lowest. This gives an error of 0.500 patterm§ 13.041. The positive selection method obtained correct
misclassified € Misclassified = 0.500 + 0.000 = 0.500)  classification of 93.948% with an average number of 22.308
and a correct classification of 99.666%. The number cALCs and an average HD of 14.322.
ALCs with memory status in the active set was on average
12.980. When training the ALCs with positive selectionThese results conclude that when the patterns of the
on setosaas self, a correct classification of 99.622% isnalignantclass is used as the self set, different parameter
obtained, with 1S=37 and W1=50. The average number @lettings are necessary to achieve similar correct classifi-
ALCs with memory status in the active set of ALCs wasation results for both the selection methods and that the
13.760. The results that follow in table 1 are farsicolor average number of ALCs for negative selection is higher
and virginica as selected self. These selected self classétan the average number of ALCs for positive selection.
have a correct classification of 97.133% and 94.600% withhe difference in the average number of ALCs indicates
negative selection and 97.000% and 94.622% with positithat the patterns from thbenignclass is distributed over
selection. a larger area than patterns from thmalignantclass, thus
more ALCs are necessary to cover the non-self space with
With setosaor versicolor as the self class, training the negative selection than ALCs with positive selection that
ALCs with the negative selection method resulted in bettesnly needs to cover the self space. These results also show
classification than training with the positive selectiorthat with patterns from themalignant class as self, the
method. When patterns of thi@ginica class was used as the positive selection method is a better training method not
self set the ALCs trained with positive selection had bettesnly for better correct classification but also for less average
classification than the ALCs trained with negative selectionnumber of ALCs in the set.
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Table 1 Results for Iris data set

Class asself IS  wi #ALCs #MemALCs #fPos #fNeg ADT HD

Negative Selection

Setosa 37 50 16.427 12.980 0.500 0.000 10.874 8.012
(45.187) (4.203) (:1.306) (0.000) ¢0.180) ¢0.188)

Versicolor 37 75 21.567 17.220 0.967 3.333 10.943 6.805
(4+4.337) (3.483) (£2.883) (1.918) (0.117) ¢0.243)

Virginica 150 75 23.533 0.000 1.200 6.900 8.634 9.179

(£5.198)  (0.000)  @3.210) @3.942) (0.162) (0.197)

Positive Selection

Setosa 37 50  17.420 13.760 0.567 0.000 9.043 7.948
(£4.409)  (3.524)  @1.478) (0.000) (-0.196) (-0.209)

Versicolor 37 75  20.333 16.253 1.167 3.333 9.041 6.757
(£4.700)  (3.750)  (2.842) (+1.768) (-0.118) (0.256)

Virginica 112 75  23.833 11.083 1.267 6.800 11.342 9.171

(£4.793)  @2.271)  @3.194) @E4552) (£0.127) (0.172)

Table 2 Results for Wisconsin Breast Cancer data set

Class asself IS wi #ALCs #MemALCs #fPos #fNeg ADT HD

Negative Selection

Benign 524 25 34.567 16.867 1.367 6.267 16.061 17.499
(45.029) (:2.526) (1.189) @5.219) @0.188) (0.053)

Malignant 699 100 33.033 0.000 1.767 44.400 16.267 13.041

(£10.791)  @0.000)  @1.251) @36.541) (0.136) (-0.587)

Positive Selection

Benign 524 25 33.800 16.467 1.500 6.900 19.922 17.490
(£3.398) (1.756)  (£1.075) @3.284) (0.117) (0.044)
Malignant 175 75 22.308 11.525 1.967 40.333 20.043 14.322

(£5.555) (3.397)  @1.377) @19.752) (0.121) €0.267)

C. Mushroom negative selection method has a better classification perfor-
mance than the positive selection method since not only does
The mushroom data set contains descriptions of artificiallfne negative selection method have better correct classifica-
generated samples of 23 species of gilled mushrooms in tHien results but also has on average less ALCs than the pos-
Agaricus and Lepiota Family. Each pattern in the data séive selection method to classify the patterns. These results
represents a specie that is classified as definitely edible, défdicate that the negative selection method has better classi-
initely poisonous or of unknown edibility and not recom-fication performance than the positive selection method with
mended. The latter class was combined with the poisono@gtterns from thedibleclass as self or patterns from thei-
class. There are 8124 patterns in the data set and each pat&gfousclass as self.
consists of 22 nominally valued attributes. There are 2480
patterns with missing values for the stalk-root attribute. Th
missing values were represented by binary strings as straight
1's. 4208 patterns are of the edible class and 3916 patterfibe glass data set consists of 214 patterns that are distributed
of the poisonous class. The patterns were converted to bindrgtween 7 glass types (classes). 70 patterns are of the build-
strings of length 57. ing windows float processed type, 17 are of the vehicle win-
dows float processed type, 76 are of the building windows
Table 3 summarises the results obtained with the mushroamon-float type and 0 are of the vehicle windows non-float
data set. Comparing the different selection methods with paipe. The other patterns are divided into the non-window
terns from theedibleclass as the self set, it can be concludedlass type: 13 patterns are of the container type, 9 of the
that the negative selection method has a slightly better caableware type and 29 of the headlamps type. Each pattern
rect classification than the positive selection method. Bottonsists of 9 continuous valued attributes. The patterns were
the selection methods have a value of 25 for W1 but difeonverted to binary strings of length 45. Table 4 shows the
ferent values for IS to obtain the best classification resultbest classification results obtained for the Glass data set with
The same value of 25 for W1 indicates that the fitness of thgatterns of the different classes as the self set. Both the clas-
ALCs for both selection methods is more influenced by thesification results for ALCs trained with positive selection and
HD than by their ADT. The HD of both selection methodsnegative selection are shown in table 4.
differs with 0.008 and indicates that the amount of overlap
is more or less the same for both selection methods. Wh@ate results in table 4 show that in most cases, except in the
patterns from theoisonouslass is used as the self set, thecase of theébuilding-window-floatclass as self, the positive

Glass
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Table 3 Results for Mushroom data set

Class asself IS w1 #ALCs #MemALCs #fPos #fNeg ADT HD

Negative Selection

Edible 4062 25 46.267 19.850 1.400 932.667 25.520 27.698
(£3.999) €2.297) (2.222) (196.295) {0.131) (-0.063)

Poisonous 8124 25 45.033 0.000 1.700 1591.933 25.523 27.729

(+4.582) (£0.000)  (2.003) (£382.550) (£0.142)  (£0.049)

Positive Selection

Edible 8124 25  43.933 0.000 1.200 1019.333 31502  27.690
(£7.506) (£0.000)  (1.495) (£373.054) (0.153) (£0.059)
Poisonous 2031 100  50.717 17.242 2.467 1695.00 25.665  20.201

(£13.291)  @5.158)  @3.391) @401.959) (0.178) (-0.336)

Table 4 Results for Glass data set

Class asself IS Wi #ALCs #MemALCs #fPos #fNeg ADT HD
Negative Selection
Building-window-float 106 25 40.444 25.233 1.367 14.167 21.946 21.735
(£4.020) 2.644) (1.974) +4.662) ¢0.146) 0.051)
Building-window-nonfloat 160 25 39.700 18.683 1.433 33.200 21.125 21.836
(4+3.064) @1.774) (1.794) (7.889) (+0.134) (0.048)
Containers 214 75 35.067 0.000 0.433 0.000 28.335 16.437
(+10.392) ¢-0.000) ¢2.373) ¢0.000) @3.152) 1.157)
Headlamps 53 25 37.693 27.133 0.967 0.367 23.146 21.739
(+4.189) (-6.224) @5.295) (0.615) @4.130) (+0.160)
Tableware 53 50 30.220 23.280 0.300 0.000 28.786 18.268
(+7.324) ¢-7.316) @-1.643) (0.000) @3.072) (+0.824)
Vehicle-window-float 106 25 39.989 25.289 0.567 2.267 23.941 21.737

(£3.608) @¢5.337)  (3.104) (1.337) (£3.980) (:0.153)

Positive Selection

Building-window-float 53 25  39.167 28.333 1.467 14.900  23.011  21.681
(£3.570)  (2.746)  @1.978) (:4.722) (£0.208)  (£0.099)
Building-window-nonfloat 160 25  39.800 18.700 1.367 31.900  23.879  21.846
(£3.671)  @1.720)  @2.157) (:7.303) (0.119) (£0.052)
Containers 53 25  38.013 29.113 0.433 0.000 21125  21.152
(£6.682)  (:6.343)  (2373) (:0.000) (£3.992) (£3.146)
Headlamps 214 25  39.000 0.000 0.967 0.467 21.959  21.803
(£2.407)  @0.000)  @5.295) (0.937) @4.150) (0.144)
Tableware 106 50  26.300 17.233 0.300 0.000 16.251  17.786
(£8.422)  €6.229)  @1.643) @0.000) @3.077) (-1.966)
Vehicle-window-float 106 25  39.967 25.933 0.567 2.000 21.080  21.239

(5.840) @-5.424)  (£3.104) @1.287) (3.983) (2.596)
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selection method obtained better classification results thgatterns. The results show that GAIS obtained on average
the negative selection method, though the parameter settifggtter classification than C4.5 in classifying the Iris data set,
for IS and W1 were different for each case. In cases wheexcept forvirginica as self. C4.5 obtained better classifica-
the correct classification results were the same, as is the cdiem for the Mushroom data set and the Car evaluation data
with containersandtablewareas self sets, the positive se-set, where GAIS obtained better classification with the Glass
lection method obtained better performance compared to thata set. C4.5 obtained better classification withlignant
negative selection method since the average number of AL@s self and GAIS obtained better classification vianign

in the active set was less for positive selection than for negas self in classifying the Wisconsin breast cancer data set.

tive selection. The high misclassification rate of GAIS on the Mushroom
and Car Evaluation data sets is due to the low number of
E. Car Evaluation ALCs evolved by the GA. The evolved ALCs are widely

distributed in space (refer to the high average HD) with a
The car evaluation data set was derived from a simple hbw space coverage (refer to the low average ADT for the
erarchical decision model that was developed by [6]. Thgdapted negative selection and the high average ADT for
car evaluation data set contains examples with the structutge adapted positive selection). These deductions indicate
concepts removed and directly relates a car to the six inptHat better classification results can be obtained when more
attributes. All of these attributes are nominally valued. SincaLCs are evolved, but with a higher degree of average

the car database has underlying concept structures, the dajgerlap (lower average HD) among the evolved ALCs.
base may be particularly useful for testing constructive in-

duction and structure discovery methods. The car evaluation
data set consists of 1728 patterns that are distributed betwegA|S only evolves an optimal initial set of ALCs. The initial
4 car classes. These classes are acceptable, good, unacegfitis kept static during the training process to determine the
able and very good. 1210 patterns are of the unacceptaligtus of each ALC in the set. Classification performance
class, 384 are of the acceptable class, 69 are of the goglGAIS could be improved by replacing the annihilated
class and 65 are of the very good class. The patterns weseCs with newly evolved ALCs by the GA. When there is
converted to binary strings of length 12. overlap among the self patterns and the non-self patterns, the
GA needs to evolve a higher number of ALCs to optimally
The results in table 5 show that different parameter settinggver the highly distributed non-self space between the
for IS and W1 are necessary to obtain the best classificgelf patterns. From these results it can be concluded that
tion results for different classes as self. When comparingepending on the problem that needs to be classified and
the best results of the above classes from both negative aé selected class as the self set, there are cases that GAIS
positive selection as training methods, the average HD bgerforms better then C4.5. This deduction supportsnihie
tween the ALCs in the active set for ttaeceptableclass free lunch theorerf59].
as self is the highest in comparison with the other classes
as the selected self set. The average ADT in the active set
of ALCs with acceptableas the self set is the lowest with VIII. Conclusion and Future work
negative selection and the highest with positive selection for
all the classes as the self set. These deductions support THés paper gave a brief overview on the classical view of the
bad classification result withcceptableas the self set, since hatural immune system (NIS) and also discussed the danger
the ALCs are widely distributed in problem space (thereforand network theory of NIS. Some of the existing AIS models
the high average HD) with the lowest space coverage (tfd applications thereof was presented. The main objective
low average ADT for negative selection and the high averagd ALCs with maximum non-self coverage and least over-
ADT for positive selection). Foacceptableor unacceptable ap among the ALCs, was addressed by presenting GAIS.
as the self set the positive selection method obtained betfeAlS uses a genetic algorithm to evolve artificial lympho-
classification results than the negative selection method aftes (ALCs) with least overlap among existing ALCs and
for good or very goodas the self set the negative selectiofnaximum non-self coverage. Thus, the evolved ALC was

method had better classification results than the positive s¢-local optimum in the search space that was not covered
lection method. by the existing set of ALCs. Each evolved ALC was added

to the set of existing ALCs. The ALCs were trained with
the adapted negative or the adapted positive selection to en-
sure that the ALCs did not detect any of the patterns in the
The classification results obtained from the GAIS witlpredetermined self set. The active set of evolved ALCs was
the adapted negative and positive selection methods arsed to classify patterns. The status of the ALCs was evalu-
summarised and compared with C4.5 in table 6. The expegted at predetermined time steds$] using the life counter
ments with C4.5 also used a 30-fold cross validation trainingpreshold function. Annihilated ALCs were removed from
set, but the training set consisted out of self and non-sdlie active set of ALCs. Therefore the life counter function

F. Comparing the Results
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Table 5 Results for Car Evaluation data set

Class asself IS w1 #ALCs #MemALCs #fPos #fNeg ADT HD
Negative Selection
Acceptable 864 50 11.967 5.900 1.433 915.133 3.673 5.747
(+1.520) (-0.803) (2.208) (@49.171) @0.048) (¢0.037)
Good 432 50 17.642 12.675 0.433 230.233 5.320 4.836
(+4.835) (3.657) (1.832) (@75.159) (-0.086) (0.135)
Unacceptable 864 75 11.567 5.783 7.067 426.733 4.044 3.005
(+2.622) (1.311) (:6.746) (@33.595) (0.133) (0.241)
Very Good 432 50 17.992 13.200 0.333 129.133 5.719 4.532
(+5.647) (4.251) (0.884) (+45.808) (0.113) (0.191)
Positive Selection
Acceptable 864 25 15.533 7.567 1.367 897.733 8.542 5.950
(+3.767) (1.870) (2.157) (@88.295) (0.070) (0.012)
Good 1296 50 16.833 8.383 0.367 243.000 6.701 4.874
(+4.609) (-2.288) 1.474) @66.330) ¢-0.088) (0.085)
Unacceptable 1296 75 12.400 6.200 6.467 425.233 7.956 3.034
(+4.407) (2.203) (7.281) (@36.141) @0.154) (0.245)
Very Good 864 50 18.233 9.067 0.333 130.033 6.288 4.553
(+5.399) (-2.648) 0.922) @61.279) (0.106) (0.181)
Table 8 Summarised results
Class asself GAIS GAIS C4.5
Negative selection  Positive selection
Iris - Setosa 99.66% 99.62% 99.3%
Iris - Versicolor 97.13% 97.0% 96.0%
Iris - Virginica 94.6% 94.62% 97.3%
Breast CancerBenign 98.907% 98.798% 96.3%
Breast CancerMalignant 93.395% 93.948% 96.3%
Mushroom -Edible 88.502% 87.438% 99.9%
Mushroom -Poisonous 80.383% 79.105% 99.9%
Glass -Building-window-float 92.741% 92.357% 79.3%
Glass -Building-window-nonfloat 83.816% 84.454% 79.7%
Glass -Containers 99.797% 99.797% 95.9%
Glass -Headlamps 99.376% 99.329% 94.9%
Glass -Tableware 99.85% 99.85% 97.7%
Glass -Vehicle-window-float 98.675% 98.8% 91.7%
Car -Acceptable 46.959% 47.968% 95.1%
Car -Good 86.651% 85.916% 98.7%
Car -Unacceptable 74.895% 75.017% 99.5%
Car -Very Good 92.507% 92.455% 100%
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dynamically determined the number of ALCs in the activg12] L.N. de Castro, F.J. Von Zuben, “Artificial Immune
set. Results of GAIS on different data sets were presented Systems: Part | - Basic Theory and Applications”, Tech-
and compared with C4.5. These results showed that there are nical Report - RT DCA 01/99, pp. 95, 1999.

cases that GAIS performs better then C4.5 and that the ov§t3] L.N. de Castro, F.J. Von Zuben, “An Evolutionary Im-
lap among self and non-self patterns influences the number of mune Network for Data ClusteringIn Proceedings of
evolved ALCs and the classification performance of GAIS. A the IEEE Brazilian Simposium on Atrtificial Neural Net-
drawback of GAIS is that the algorithm is restricted to two-  works (SBRN'0Q)pp. 84-89, 2000.

class classification problems. GAIS is also not very scalablgi4] L.N. de Castro, F.J. Von Zuben, “Artificial Immune
since the complete dimension of a problem space is used to Systems: Part Il - A Survey of Applications”, Technical
generate an ALC. Thus the time and computational complex- Report - RT DCA 02/00, pp. 65, 2000.

ity increases as the dimension of a classification problem ipt5] L.N. de Castro, F.J. Von Zuben, “The Clonal Selec-
creases. Future work will investigate the possibility to ex-  tion Algorithm with Engineering Applications’in Pro-
tend GAIS to multi-class classification and also investigate ceedings of the Genetic and Evolutionary Computational
the possibility for a more scalable model. Anin-depth analy-  Conference (GECCO'0Q)Workshop on Atrtificial Im-
sis on the life counter function and the problem of overfitting  mune Systems and Their Applications, pp. 36-37, 2000.

the training data also needs to be investigated. [16] L.N. de Castro, F.J. Von Zuben, “An Immunological
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