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Abstract

This paper discusses the application of the newly devel-
oped Mahalanobis distance-based ARTMAP (MART)
network to the predication of sickle cell anemia patients’
response to Hydroxyurea treatment. Mahalanobis dis-
tance-based ARTMAP is a modified version of the Fuzzy
ARTMAP networks where the activation and choice func-
tion are the same and equal to the Mahalanobis distance
between the pattern and the template. A recurrent for-
mula has been derived to update the inverse of a covari-
ance matrix after it resonates with an input pattern. The
full covariance matrices provide a better coverage of
samples than the diagonal covariance matrices. The first
part of the paper describes the MART network, with a
short introduction of fuzzy ARTMAP and Gaussian
ARTMAP networks, from which it was derived. The sec-
ond part of the paper describes the clinical data and the
procedures for data preprocessing, training and testing.
The classification accuracy achieved with MART classi-
fier was as high as 92.59%

I INTRODUCTION

In the United States, about 1 in 500 African Ameri-
cans develops sickle cell anima In Africa, about 1
in 100 individuals develop the disease. Sickle cell an-
ima is a genetic disorder, caused by single point muta-
tion in the beta globin gene that changes from
CCTGAGG to CCTGTGG. As a result of this muta-
tion, the molecules of sickle cell hemoglobin adhere to
each other and polymerize into long fibers that distort
red blood cells (RBC) into a sickle shape. The sickled
cells tend to stick in narrow blood vessels, blocking the
flow of blood. Many sickle cell patients die before the
age of 20. Current research suggests that increasing
fetal hemoglobin (HbF) level may be effective treat-
ment for sickle cell anima, which can prolong these
individuals’ lives into their 40s and 50s.

In 1983, a drug called hydroxyurea (HU) was first
used on sickle cell patients . Patients who re-
sponded to HU with an increasing amount of HbF in
their F-cells or the proportion of F-cells experienced
less frequent and severe painful crises. However, HU
can be quite toxic when used continuously to maintain

elevated levels of fetal hemoglobin and also can increase
the risk of leukemi]. Furthermore, not all patients
show an increase in HbF expression to levels that would
alleviate any of the disease's symptoms. In this paper we,
therefore, aim at developing a system that can predict
which patients will respond positively enough to the medi-
cation so that the number (or level) of their disease-related
crises is reduced. The goal here is to only administer HU
to the "positive responders" and not subject those who will
not benefit from the medication to the negative side effects
of the drug.

A group of scientists at University of Georgia and the
Medical College of Georgia has engaged five years in
studying the effectiveness of HU treatment. Their work is
summarized in paper The prediction of patient's re-
sponse to HU treatment has been formulated as a pattern
recognition problem. There are two general approaches in
pattern prediction (or classification): statistical and neural
network approach. The latter approach is very attractive
because it provides better generalization. Several two-layer
perceptrons with back propagation have been investigated
and used in. It was noticed that for certain labeling
methods (which will be discussed later in section the
neural networks have failed to reach a reasonable level of
accuracy.

In this paper we use the same data set obtained from the
authors of to which we have applied an entirely new
type of neural networks that belong to the class of adaptive
resonance theory (ART) networks, originally invented by
Grossberg and Carpenter and their collaborators [§], [}]-
from the Boston University. There are several advan-
tages of ART networks over the back-propagation net-
works which have motivated the work in this paper: (a)
ART networks can be used on line with a stream of ex-
perimental data, while BP networks are naturally batch
oriented networks. This ability is called "incremental
learning"; (b) ART network are generally plastic and sta-
ble, which means that they are able to learn new knowl-
edge and retain the previously learned knowledge; (c)
ART networks are easy to train, their training and classifi-
cation is faster; (d) ART networks can generally achieve
better accuracy at smaller number of processing nodes.

In order to achieve the maximum performance, we have
used a new version of ART network called "Mahalanobis



distance based ARTMAP network"” (MART), which
was developed at SDSU [13]} [14] and [16]} The initial
results have proven to be very encouraging. Since the
implementation of the network is sequential, rather
than parallel, we will refer to the network as "classi-
fier" or "algorithm".

In the rest of the paper, the original ART and ART-
MAP classifiers will be shortly discussed, which will
give a good base for presenting the newly developed
MART classifier. Following this presentation, we will
discuss the application of the classifier to the sickle
data, and to the prediction of patient's response to HU
treatment.

IT CLASSIFICATION BASED ON ART
NETWORKS

Since MART network was developed as a generali-
zation of Gaussian ARTMAP network and the
latter was based on the original ART and ARTMAP
networks [4]] we will shortly discuss these net-
works first, in the following two sections.

A.  Fuzzy ARTMAP

The original ART-based network was proposed by
Grossberg and by Carpenter and Grossberg
The network, named ART-1, was intended for unsu-
pervised clustering of binary data. The highly parallel
network architecture was based on the model of human
cognition process. Later, the same authors have en-
abled the network for classification of analog patterns
(Fuzzy ART-1). The fundamental achievement of the
ART-1 and Fuzzy ART-1 was in resolution of the
"plasticity-stability dilemma", that is, the networks
were able to acquire new knowledge without forgetting
the previously learned behaviors. The network is essen-
tially adaptive and on-line, which made it very attrac-
tive for many practical applications. Carpenter, Gross-
berg and their associates have extended the ART net-
works to supervised clustering, i.e. to classification of
binary and analog patterns The new network
was named Fuzzy ARTMAP network. These networks
also have sequential implementations, which in some
papers, for example m are called "simplified fuzzy
ARTMAP networks". In order to describe the network
proposed by authors of this paper, we first present the
sequential version of the fuzzy ARTMAP.

Let X Dbe a set of samples (patterns)
X =(x,x,,..x,) , where x; is feature, and D is dimen-
sion of the feature space. Suppose there is a set of K
classes C={c,,c,,...,cy } such that each pattern from X

is associated with one of the classes from C. If the set X
is used for network training, then we assume that pat-
terns xe X are labeled, i.e. label(x)e C .

The goal of the network training is to find a set of m
labeled templates W={w,w,,...,w 1},

label(w ;)€ C, such that d(x,w,)<d(x,w,) for each

j#Jimplies label(x) =label(w,), where d(x,w ;)i

some measure of closeness (distance) of x to w;. In other
words, the templates w; best represent clusters of samples.
Once trained, the network should be able to classify any

pattern Y & X with an unknown label. This is achieved
by finding the template w, closest to y, which implies
label(y) = label(w ) . The ralgorithm uses two additional
sets. The first set maps templates into labels
L={l,,.,1}, l]. =label(wj), while the other set
N={N,,N,,..,N,} represents the cluster sizes, i.e. the
number of samples from X that are associated with tem-
plates. Since the sets are ordered, we will use the following
notation in the further discussions: W(j)=w,, L(j)=1,
and N(j)=N,.Itis important to note that sets ¥, L and N

are essentially dynamic arrays, which can grow in the
process of training.

Cc=1{} Initialize set of classes (categories)
L={}; Initialize the map (set of labels)
w=1{} Initialize set of templates
N={}; Initialize the cluster sizes
while (X not empty) Learning loop
{ getx; Get a labeled pattern from X
new = true, Set flag “new node needed”

if (label(x)¢ C) Ifthe class hasn’t been seen so far
C:=C®®label(x); Add new class to C

else
{
loopj = 1,m Compute activation value
1, =T(X,w,); for all templates
loop i =1,m Search for resonance

{ Find template with highest

J= argénaij; activation value
J<m

if (label(w ) = label(x))
{ If the label of the winner match
if (M(x,w,) > p and the resonance occurs

{ w,=U(w,,x); update the template

new = false; No new node needed

break; Stop the search for

} the resonant node

else If no match

p=T +&; Increase vigilance

} If label and distance don't match

T,=0; W, is no longer a candidate

} Continue search for resonant node

;VE WNODE(NEW), Create new node if needed

} End of learning loop

Figure 1: Pseudo code of ARTMAP clustering algo-
rithm



NEWNODE(new) in is a macro routine that
creates a new node (template):

if new == true
{ m=m+1;, Increment current number of templates

N=N&1; The new cluster has one sample
W, =X; The new template is initially equal to x
W=woéw,_; Add new template to the set W

L =L ®label(x); Add label of X to the set L

}

The three functions, 7(), M() and U(), used in the algo-
rithm above are defined as follows:

T(x,w,)is the choice function which is used as a
closeness measure

[xow))|
T(X,Wj)=—, (1)
o,
where « , o >0, is a choice parameter.
M (x,w,) is the match function used to quantify how
good is the closeness of x to w;
x|
M) = 2)

The function is used in conjunction with the vigilance
parameter pe (0,1], where M(x,w,)>p means a
good match (resonance). The vigilance parameters is
the most important network parameter that determines
its resolution: larger vigilance value normally yield
larger number of output nodes.

The third function is the update function:

Uw,,x)=(1=)w, + B(xnw,) (3)
where [ is learning rate, 0 < £ <1. Higher values of
Presult in faster learning.

The operators in equations through are used
in ARTMAP for classifying binary data:
anb= (aapb,a,nb,,...,a, b, ) and ||a|| = Za[ .
In Fuzzy ARTMAP the bitwise AND operator N, is
replaced by the fuzzy AND operator A: aAb=
(min(a,,b,), min(a,,b,),...,min(a,,b,)) .

The classification of an unlabeled pattern y is
achieved by maximization of the activation function,
ie.

class = L(argmax 7' (y,w ,)) 4)
Jj<m ’

B  Gaussian ARTMAP

Based on fuzzy ARTMAP algorithm, Williamson
has proposed Gaussian ARTMAP, which uses

multivariate independent Gaussian distribution function as
activation and match functions:

M(X’W‘f"’j)=_li(xj_w‘q (5)

24 o,
T(x,w,,6,)=InP(j|x)=

:M(x,wj,cj)—ln(ﬁaﬁJ+ln(P(j)) (©)

where 6, and w, are parameters of normally distributed

conditional probability density function of samples x given
cluster j, P(j) is prior probability of cluster j, P(j|x) is pos-
terior probability of j given x. The cluster updates require
updates of three parameters:

(n,,w,,6,)=U(n,,w,,0,) (7
where U() represents:
n, =n,+1;

w, =(1=-8)w,+5,x; i=12,...,D ()
0, = \/(1 - IBJ )0-31' + ﬁJ (W, —x; )2 5

The learning rate f; is different for different clusters and
depends on the cluster size Ny, i.e. £, =1/N,

Since several clusters can be associated with the same
class ¢y, the posterior probability of the class given sample
X can be expressed as:

Pc,|x)= > P(lx)= Y exp(T(x,w,,56,))(9)

i LU=, i L(G)=e
Consequently, the maximum likelihood estimate of the
class of an unknown (unlabeled) sample y will be given as:
class = argmax (P(c, |y)) (10)
k

Williamson has shown in several benchmarks that the
Gaussian ARTMAP has better performance than fuzzy
ARTMAP in terms of the hit rate and the number of re-
quired output nodes.

C. Mahalanobis distance based ARTMAP

Mahalanobis distance based ARTMAP (MART) is a
generalization of Williamson's Gaussian ARTMAP. It util-
izes full covariance matrices of clusters instead of their
diagonal part. The algorithm was first proposed [in []I3],
then further investigated and improved in [14] apd [IIS].
The new algorithm uses for the activation function and for
the match function the same quantity, the Mahalanobis
distance between the sample x and the template w;:

T(Xsw‘/st)=(X_Wj)TQj(X_Wj)9 (11)
where Q; is the inverse of the covariance matrix of the
cluster j. This has contributed to a significant speedup,
which will be discussed shortly below. The algorithm is
apparently more numerically intensive since the full co-
variance matrix uses more parameters, but provides much
better coverage of clusters at fewer output nodes. It was

shown in[[13][[14] anf [1$], that in some instances the




algorithm provides even lower time overhead despite
the fact that the computation of covariance matrices
requires more floating point operations, due to fewer
required output nodes. Numerous experiments on sev-
eral benchmarks have shown that using the identical
function for activation and match doesn't diminish the
classification-hit rate; in many cases it even improves
the ability of the network to classify. The pseudo code
of the algorithm is as follows:

Cc={} Initialize set of classes (categories)
L={} Initialize the map (set of labels)
w={}) Initialize set of templates
M=0; Initialize the current number of templates
N={}; Initialize the cluster sizes
while (X not empty) Learning loop
{

get X; Get a labeled pattern from X

new = true; Set flag "new node needed"
if (label(x)eg C)
C:=C®label(x);

else
{ loopj=1m Compute activation value
{ if (label(w,)=Ilabel(x)) for templates with

1, =T(X,W,);

If class hasn't been seen so far

add new class to C

the same labesl as x

}

J =argmin7(x,w,,Q,); Find closet template for x
Jj<m

if (¢, <p)
{ NV,,w,,Q,)=UW,,w,,Q,); Update the
new = false; template. No new node needed

If the winner is close enough

}

i
NEWNODE (new); Create new node if necessary

} End of learning loop

Figure 2: Pseudo code of MART clustering algo-
rithm

As shown, this algorithm has three important differ-
ences with respect the code in First, the j-
loop, which searches for resonant node, has been
eliminated. This was possible since the activation func-
tion and the match function are the same, thus the most
active node is at the same time the closest node to the
sample x. Therefore if that node doesn't satisfy the
match criterion, there is no need to continue with the
search for the resonance among other candidates. This
speeds up the algorithm considerably. Secondly, the
activation function is computed only at the label match,
which has reduced many function evaluations. Thirdly,
the vigilance is kept constant. Numerous experiments
have confirmed that the change of the vigilance didn't
improve the network performance.

The update functions are implemented as:

w, =(1-B)w, + Bx, (12)
- _ 88
Q, =45, {Q, 5 T,]’ (13)

where
ﬂlzﬂ ﬂzzL ﬂ:L (14)

g, =Q,(x-w,) (15)

In practical implementation the learning rates £, are kept
constant for very small and very large values of N, typi-
cally f=1/10and §=1/1000, for values of N, less than

10 and greater than 1000 respectively. It should be noted
that the algorithm is making use of the inverse covariance
matrices Q, =S7', S, =cov(X,) , with X; being the subset
of X associated with the j-th cluster. The derivation of the
recurrent equation |(13)) was based on the Sherman-
Morrison-Woodbury matrix identity

The NEWNODE() macro is now given an additional
line: Q:=0®Q,, where Q, is the initial value of covari-
ance matrices Q. It was found in [[[4]]that this matrix can
be simply Q, =IR,*, where I is D-dimensional identity
matrix. In other words Q,, represents an initial sphere with
radius R,,.

In the light of the discussion above, it can be said that
the MART classifier has two scalar parameters, p and R,.
The former parameter, the network vigilance can be
viewed as p = y*(D, p), since the function (as chi-
square distribution with D degrees of freedom for normally
distributed x. The parameter p is the probability that a
sample x is contained within the ellipsoid with parameters

w.Qp}.

IIT EXPERIMENTAL RESULTS
A. The Clinical Data

The sickle cell patient data contains the information
from 92 patients [|L1].]For each patient 26 parameters were

collected. The parameters are listed in [TABLE I

TABLE I: Parameters Collected from Patients

Parameter Description
1 Age Age of patient at the time of analysis
2 Sex Male/Female
3 NAGG o Globin gene number
4 SBAN Number of BAN haplotypes
5 SBEN Number of BEN haplotypes
6 SCAM Number of CAM haplotypes
7  SSEN Number of SEN haplotypes
8  TotalTx
9 WGT Weight of patient
10 %HbF Fetal hemoglobin, as % of total hemoglobin
11  HbF Fetal Hemoglobin, absolute value
12 Hb Total hemoglobin concentration




13 RBC Red blood cell count

14 RDW % Variation in the size of red cells

15 PCV Packed cell volume (hematocrit)

16 Retic Reticulocytes

17 MCV Mean cell (erythrocyte) volume

18 MCH Mean cell hemoglobin

19 WBC White cell count

20 Polys Polymorphonuclear leukocytes

21 Plats Platelet count

22 Bili Bilirubin concentration in blood

23 SNRBC Nucleated RBC seen in peripheral blood

24  %fHbF  Max. percentage of HbF (during treatment)

25 {HbF Maximum value of HbF (during treatment)

2% Dura- Duration of treatment a patient received to
tion arrive at the maximum %HbF level

B. Data Labeling
The list of parameters (features) in|TABLE I has no

indication about the label. In order to enable prediction
of patient's response to HU treatment, the available
patterns have to be properly labeled. For this purpose
the data set will be divided into two classes: patients
who have responded to HU treatment, and the patients
who have not responded. There are two widely ac-
cepted criterions to define responders and non-
responders The first criterion considers the re-
sponding patients those who have level of fHbF in-
creased during the treatment at least two times over the
initial value HbF. We will call this method of labeling
the "Double Rule". The second criterion marks the re-
sponders if their final %HbF (%fHbF) is over 15%,
provided that their initial value %HbF is under 15%.
The criterions are illustrated in
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Figure 3: Label assignments: double Rule (above) and 15%
rule (below). Figure show patient's HbF data sorted accord-
ing to initial values of HbF or %HbF. The circles represent
the final values of HbF or %HDbF. The dashed lines define the
label partitioning (patients with fHbF above dashed lines
are labeled as responders)

The distribution of responders and non-responders corre-
sponding to the two criterions is shown in [ABLE II

TABLE II: The Distribution of Responders and Non-
responders in the Sample

Criterion Responders Non- Total
responders
Double Rule 63 18 81
15% Rule 45 31 76

It should be noted that the patients with incomplete data
were excluded from the data set considered in training and
testing, as shown below.

C.Treatment of Linearly Dependent and
Missing Data

During the data processing it was noticed that some fea-
tures are linearly dependent. This can be described as fol-
lows. Suppose that the pattern x” =(x",x{,...,x)
represents the ith  patient. Then the vector

g, =(x",x?,..,x'" ) represents the same feature across

the entire set of patients. We consider that features i, j and
k are linearly dependent if the vectors &.§, and &, are

linearly dependent. It can be sho] that the linear
dependency of features can be revealed by examining the
eigenvectors and eigenvalues of the covariance matrix of
the entire data set. Using this approach it was determined
that features 4, 5, 6 and 7 (see are linearly de-
pendent. Therefore, only the feature 4 was retained, while
the others were dropped.




Similar procedure based on eigenvectors and
eigenvalues of the covariance matrix was used to rank
the features according to their importance The
final list of features, reduced and reordered according
to their importance, is shown in [TABLE III} The table
doesn't show the features labeled "fHbF" and "%fHbF"
which are dropped because they were used for labeling.
In addition to feature reduction,

Rank e all samples with two or more miss-
fures ing features were discarded. The
1 SNBRC samples with only one missing
2 HbF . .
feature were retained, with the
3 TotalTx .
4 Retic missing feature replaced by the
5 Bili mean value of the corresponding
6 Age feature.
7 RBC
8 Plats TABLE III: The Reduced and
9 Hb Reordered List of Features
10 RDW
11 SBAN
12 MCH
13 Sex D. Data Preprocess-
14 PCV ing
15 MCV ) .
16  WGT It is known from the experience
17 NAGG [12]]that the skewness and kurtosis
18  WBC of data and therefore their separa-
19  Polys bility can be improved by nonlin-

ear transformation of data. A common transformation
is log(1+x), and the process is sometimes called "data
gaussianization". Experiments performed in this paper
have confirmed this experience; the hit rates with trans-
formed data were couple of percents higher. Usage of
the logarithm transformation eliminates the need for
data normalization. The 3D plot of labeled and log-
transformed samples is shown in Figure 4]and Figure 5]

SNBRC

HbF 2 TotalTx

Figure 4: Plot of samples along three most signifi-
cant dimensions of the feature space. Samples are
labeled by the double rule (o - responders, + - non-
responders)

SNBRC

0
HbF 2 TotalTx

Figure S: Same as Figure 4, only the 15% rule was used
for sample labeling.

E. Training and Testing

The leave-one-out method[[6] is used to test the per-
formance of the MART network. The procedure consists
of the following: A sample is extracted from the sample
set. The leftover set is then used for the network training.
After the network is trained, the extracted sample (which
did not participate in training) is used for testing. This pro-
cedure is repeated N times, each time with a different sam-
ple left out, until all samples in data set are used for extrac-
tion and testing. The average hit rate and number of output
nodes are then calculated. The results are shown in
[TABLE 1V]for two labeling methods and for two different
number of features used. As seen, the results for 15% la-
beling rule were inferior to the double rule. The reason for
this is high overlap of the clusters for the two classes,
which makes the labeling method ineffective. This can be
easily concluded after examining |[Figure 4 and|Figure|5.
Interestingly, usage of the subset of three most significant
features (SNBRC, HbF and TotalTx) in case of double rule
has given considerably better result. This can be explained
by the fact that the other features have practically no rele-
vance and act as noise. As the table shows, the classifica-
tion accuracy for responders was 96.82% while the non-
responders have scored 77.77%. This is considered to be a
very encouraging result.

TABLE IV: Testing Results on MART Classifier

15% Rule Double Rule
# of Features 19 8 19 3
3.“;.” acg of Pr ;’ 84.4% | 68.89% | 100% | 96.82%
icling fespond- (38/45) | 31/45) | (63/63) | (61/63)
ers
3.“;'.” a‘;{, ofPre- | us 16 | 6774% | 5% 77.77%
leting ivon- 1431y | @131 | @/18) | (14/18)
Responders
Global Hit Rate 68.42% | 68.42% | 79.01% | 92.59%
# of Output Nodes 3.50 420 332 2.06




IV CONCLUSION

The Mahalanobis distance-based ARTMAP network,
called MART classifier developed at SDSU
has been presented. Since MART has evolved
from Fuzzy and Gaussian ARTMAP, these approaches
were also briefly discussed. The new network was
applied to the prediction of sickle cell anemia patient's
response to Hydroxyurea (HU) treatment. A database
for 92 patients has been obtained from a previous pro-
ject and used in this research. The MART classi-
fier has shown to be very effective for the classification
of HU responders, giving a classification hit rate of
92.59%. In the process of data analysis, it has been
discovered that some of the features in the database are
linearly dependent. These features can be therefore
removed from the database. In addition, it is shown that
the features can be ranked according to their relevancy
to the discrimination. It is noticed that reducing the
features from 19 independent features to only three
most significant ones, can even improve the classifica-
tion accuracy.

In the future work, the linear transformations of data,
including simultaneous diagonalization, will be ex-
plored. The data labeling will also be investigated,
since the currently used methods, recommended by
physicians, appear to be deficient from the discrimina-
tion point of view. The data processing technology
used in this work will provide a good basis for the new
recommendations for data labeling.
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