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Abstract. We investigate the use of perceptrons for classification of mi-
croarray data where we use two datasets that were published in Khan et
al. [17] and Golub et al. [13]. The classification problem studied by
Khan et al. is related to the diagnosis of small round blue cell tumours
of childhood (SRBCT) which are difficult to classify both clinically and
via routine histology. Golub et al. study acute myeloid leukemia (AML)
and acute lymphoblastic leukemia (ALL), where currently no single test
is available to establish the differential diagnosis. We used a simulated
annealing-based method in learning a system of perceptrons, each ob-
tained by resampling of the training set. Our results are comparable to
those of Khan et al. and Golub et al., indicating that there is a role for
perceptrons in the classification of tumours based on gene expression
data. We also show that it is critical to perform feature selection in
this type of models, i.e., we propose a method for identifying genes that
might be significant for the particular tumour types. For SRBCTs, zero
error on test data has been obtained for 10 out of 2308 genes only; for
the ALL/AML problem, the best results are for about 50 genes out of
a total number of 7129 inputs. Furthermore, we provide evidence that
Epicurean-style learning is essential for obtaining the best classification
results.

1 Introduction

Measuring gene expression levels is important for understanding the genetic
basis of diseases. The simultaneous measurement of gene expression levels for
thousands of genes is now possible due to microarray technology [20, 21]. Data
derived from microarrays are difficult to analyze without the help of computers,
as keeping track of thousands of measurements and their relationships is over-
whelmingly complicated. Several authors have utilized unsupervised learning
algorithms to cluster gene expression data [10]. In those applications, the goal
is to find genes that have correlated patterns of expression, in order to facili-
tate the discovery of regulatory networks. Recent publications have begun to
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deal with supervised classification for gene expression derived from microarrays
[11]. The goal in these applications is usually to classify cases into diagnostic
or prognostic categories that are verifiable by a ”gold-standard”. Additionally,
researchers try to determine which genes are most significantly related to the
category of interest. Since the number of measurements is very large compared
to the number of arrays, there is tremendous potential for overfitting in models
that do not utilize a pre-processing step for feature selection. The feature selec-
tion process itself is of interest, as it helps to determine the relative importance
of a gene in the classification. Approaches for feature selection in the context of
gene expression analysis are currently being investigated. Developing a strat-
egy for selecting genes that are important in a classification model, regardless
of their absolute expression levels, is important in this context. Determining
whether simple learning models can be successfully applied to this type of prob-
lem is also important. In this paper, we propose an algorithm for learning
perceptrons based on simulated annealing and a resampling strategy and show
that it can be successfully applied to the analysis of gene-expression data. The
basic algorithms has been introduced in [7] and is called LSA algorithm. One
of the key features of our approach is training perceptrons [19, 22] on randomly
selected subsets of the entire sample set. In the present application, it turns out
that the learning procedure is finished in almost all cases with zero error, which
might be caused by the small amount of samples avialable (although the size
of each sample is quite large, e.g., 7129 gene data in the ALL/AML problem).
However, even in the case of image classification considered in [5, 6], the same
effect has been observed on subsets of about 160 samples, each of them with
14161 inputs. Thus, in almost all cases the perceptron computed on a subset
represents a true hypothesis on a part of the entire sample set. The different
hypotheses are then taken together by a voting procedure to form the final hy-
pothesis. This approach goes along the lines of a learning method which has
been called Epicurean learning by Cleary et al. in [9] (with reference to [24]), mo-
tivated by Epicurus’ paradigm that all hypotheses fitting the known data should
be retained [12]. Furey et al. [11] used a similar method when they compared
SVM classifications of gene-expression data to a perceptron-based learning algo-
rithm (referring to the approach of taking linear combinations of decision rules
obtained at each iteration step as described in [15]). We provide results from
computational experiments showing that the classification rate becomes worse
if the size of randomly chosen subsets becomes close to the entire sample set,
although different hypotheses are calculated by the underlying stochastic local
search.

2 Methods

Let D C Q" be our input data table where each of the columns corresponds
to expression measurements for a particular gene over the tissues investigated.
Further let ¢: @ — {1,2,...,m} be a partial function that for D returns the
tumor class associated with each row.

We would like to find a realization of a function F : Q% — 2{1:2-m} that
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represents an extension of ¢ that we can use to classify new, unseen expression
measurement vectors.

We do this as follows. For each class i € {1,2,...,m}, we construct a
classifier F; : Q* — [0,1]. These F; are then combined to form F as:

F(z) = {j|F;(z) = max Fy(w)}.

The number |F(x)| gives us an indication of how uniquely we were able to
classify . We choose to discard the classification if |F'(z)| > 1.

We now turn to the construction of the functions F;. A perceptron p is a
function p: R*® x R* x R — {0, 1} such that

p(l‘,’LU, 19) = pw,ﬂ(x) = Tﬂ(wx)a
where 7 is the unit step function at threshold ¢ defined as

0 ify<v,
1 otherwise.

To(y) :{

Given k; perceptrons, we define F; to be
1 F
Fiw) = 3 il o(a)
? ]:1

where the w’s are restricted to be rational (for simpler notations, we assume
¥ = 0 and always z, = 1, i.e., w, represents the threshold). There are two
problems that need to be solved:

1. Finding the w’’s, i.e., training the perceptrons;

2. Finding k; for each class .
The parameter k; is chosen empirically. We will discuss how this is done in
Section 5. In the remainder of this section we address the training of the per-
ceptrons, and pragmatics regarding reduction of the input dimensionality.

2.1 Perceptron Training

Let T = TT U T~ be a training set composed of positive and negative
examples, respectively. We want to find the parameters w of the perceptron p
that maximize the separation of the positive and negative examples in 7.

Hoffgen and Simon [16] have shown that finding a linear threshold function
that minimizes the number of misclassified vectors is NP-hard in general. Hence
we need to apply heuristics to the problem of training a perceptron.

Simulated annealing has been proven to be a versatile tool in combinatorial
optimisation [1, 2, 3, 4, 18], and is our choice of optimization strategy. In [7],
we have demonstrated on randomly generated disjunctive normal forms that
the classification rate improves if the perceptron algorithm is combined with
logarithmic simulated annealing.
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Given a search space W in which we want to find an element that minimizes
an objective function o : W — N, an initial “current location” ws, € W, a
function s : W — W that in a stochastic fashion proposes a next “current
location” that we hope will lead to the wanted optimum, a function a : N X
W x W — {0,1} that accepts or reject the proposed next current location,
and finally a stopping criterion. We can illustrate the strategy by the following
simple pseudo-code skeleton:

w4 ws; k<0
while not stop(k,w)
k+—k+1; w, < s(w)
if a(w,wy,) =1
W 4 Wy

The idea of the algorithm is to, while initially allowing locally suboptimal steps,
become more restrictive in allowing locally sub-optimal steps to be taken over
time. The hope is to avoid premature convergence to local minima. In our case
we define our objective function to be the number of misclassified elements in
T. Let

Mr(w) ={z € TT|pwo(z) <1} U {x € T~ |pyo(z) > 0},

then we can define our objective function as o(w) = |Mr(w)|. The set Mz (w)
can be viewed as a neighborhood of w containing all the possible next steps we
can take from w. As a first key feature of our heuristic, we now construct a
probability mass function u over M (w) as

q(@) =lowl/ Y7 lywl.

yEMr(w)

Elements that are “further away” from being classified correctly by py,o0 are
assigned higher values by g. We now define

s(w) = w — x(«) - sample(Mr(w),q)/vVww,

where sample stochastically selects one element from the set Mz (w) with the
probability given by ¢, and x(z) = 1 forx € T—, x(x) = —1 for &z € T+. The
acceptance function at step k (the k’th time through the while-loop) is defined
as

1 it m(wg—,wr) > p,
a(wg—1,wr) = { 0 otherwise,

where
1 it o(wg) — o(wg—1) <0,
W(wk—lawk) = { e—(o(wk)—o(wk_1))/t(k) OtherWise,

and p € [0,1] is uniformly randomly sampled at each step k. The function
t, motivated by Hajek’s Theorem[14] on convergence of inhomogenous Markov
chains for big enough constants I, is defined as

t(k) =T/In(k+2), ke{0,1,..},
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and represents the “annealing” temperature (second key feature). Ast decreases,
the probability of accepting a w that does not decrease the objective function
decreases. We empirically chose I'=(|T""|+ [1'~])/3, essentially using the same
method as in [5].

Finally our stopping criterion is given by a pre-determined number of itera-
tions through the while-loop.

2.2 Perceptron Training Set Sampling

In order to generate (a large number of) different hypotheses as well as to
achieve zero learning error in a short time, the following sampling scheme for
training sets is applied (third key feature):

Let C;" = {x € Dlc(z) = i}, be the positive examples for class i in D,
and let C; = D — C’;’, be the negative examples of class ¢ in D. Further, let
for two parameters o, 8 € (0,1], sy = |a|C;"|], and let s; = |B8|C;|]. For
each jin {1,2,...,k;} we randomly sample Tf] C C’;“ and Tz_] C C; such that
IT;5| = st and |Tj| = s;. The set T; ; = T;7; UT;; is then the training set
used to train perceptron p; in Fj.

The Boosting Method (cf. [23, 24]) tries to reduce the training error by
assigning higher probabilities to “difficult” samples in a recursive learning pro-
cedure. In our approach, we observed that almost all subsets are learned with
zero error even for relatively large fractions of the entire sample set (about 0.5
in [5] and 0.75 in the present study). Thus, according to the procedure de-
scribed in the previous section, the method we are using belongs to the class of
voting predictions. Recent research has shown that classification performance
can be significantly improved by voting on multiple hypotheses [24]; for a more
detailed discussion cf. [9]. We note that the particular examples are trained
multiple times, e.g., for the ALL/AML data set, the average occurrence of an
ALL sample in randomly chosen subsets is about 220 in trials with the best
classification rate.

2.3 Dimensionality Reduction

In our case where the data D presents a massively overdetermined system,
i.e., there are many more gene expression measurements than there are tissue
samples, experiments have shown that reducing the dimensionality of the data
is beneficial [17]. The scheme we applied is based on selecting the genes that
incur the coefficients with the biggest absolute values in the perceptrons after
having completed training on all dimensions in the data (fourth key feature).
Let g(w, q) be the set of ¢ positions that produce the ¢ biggest values |w;| in

w = (wi,ws,...,w,) (ties are ordered arbitrarily). Let G; = N_ g(w},q)
be the set of dimensions selected for class ¢, i.e., here we have k; = p for all
i =1,..., m. Each G; is truncated to k := min;c(y ,,} |G| positions with

the largest associated values (called priority genes). Training each F; is then
repeated with the data D projected onto the dimensions in G; for k; = K
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perceptrons, ¢ = 1, ..., m. The importance of weight size in learning procedures
has been emphasised by P. Bartlett in [8].

3 Data Sets

Improvements in cancer classification have been central to advances in cancer
treatment [13]. Usually, cancer classification has been based primarily on the
morphological appearance of the tumour which has serious limitations: Tumours
with similar appearance can follow significantly different clinical courses and
show different responses to therapy. In a few cases, such clinical heterogeneity
has been explained by dividing morphologically similar tumours into subtypes.
Key examples include the subdivision of small round blue cell tumours and acute
leukemias. Both tumour classes are considered in the present section.

3.1 SRBCT Data

For the first series of computational experiments, the data used in this pa-
per are provided by Khan et al. in [17]. Given are gene-expression data from
cDNA microarrays containing 2308 genes for four types of small, round blue
cell tumours (SRBCTs) of childhood, which include neuroblastoma (NB), rhab-
domyosarcoma, (RMS), Burkitt lymphoma (BL) and the Ewing family of tu-
mours (EWS), i.e., here we have m = 4. The number of training samples is as
follows: 23 for EWS, 8 for BL, 12 for NB, and 20 for RMS. The test set consists
of 25 samples: 6 for EWS, 3 for BL, 6 for NB, 5 for RMS, and 5 ”others”. The
split of the data into training and test sets was the same as in the paper by
Khan et al., where it has been shown that a system of artificial neural networks
can utilize gene expression measurements from microarrays and classify these
tumours into four different categories. In [17], 3750 ANNs are calculated to
obtain 96 genes for training the final ANN which is able to classify correctly the
20+5 test data.

3.2 AML/ALL Data

The data are taken from Golub et al. [13]. The training set consists of 7129
gene-expression data for 11 samples of acute myeloid leukemia (AML) and 27
samples of acute lymphoblastic leukemia (ALL), respectively (i.e., m = 2 in
this case). For the test, 14 AML samples and 20 ALL samples are used (again,
each of them is represented by 7129 gene-expression data). At present, there
is no single test available to establish the distinction between AML and ALL.
Current clinical practice involves an experienced specialist’s interpretation of
the tumour’s morphology, histochemistry, immunophenotyping, and cytogenetic
analysis, each performed in a separate, highly specialised laboratory [13]. To
distinguish ALL from AML is critical for treatment. Golub et al. analysed
various aspects of cancer classification in [13]. In particular, by using the model
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of self-organising maps, Golub et al. obtained a strong prediction for 18 out of
the 20 ALL test samples and 10 out of the 14 AML samples.

4 Results

The algorithm described in Section 2 has been implemented in C** and we
performed computational experiments for the data sets from Section 3 on SUN
Ultra 5/333 workstation with 128 MB RAM. For both data sets, we present
three types of results from computational experiments.

4.1 SRBCT Data

In Table 1, computations include all 2308 input variables (gene-expression
data). The parameter settings are a = 0.75 and 8 = 0.25 for balanced but
still sufficiently large numbers of positive and negative examples. The entries
in the table are the errors on classes in the order [EWS,BL,NB,RMS]. We recall
that the number K of threshold functions (perceptrons) is the same for all four
classes, i.e., K = k;, « = 1,..., 4. The values are typical results from three to
five runs for each parameter setting; the deviation is very small and therefore
average values are not calculated.

K || 1 | 3 | 9 | 297 | 891

Error Distr. || [1,1,5,0] | [1L15,0 | [0,1,50] | [0,1,50] | [0,1,5,0]
Total errors 35% 35% 30% 30% 30%

Table 1
Classification results when training performed on all 2308 genes.

In Table 2, the training procedure has been performed on priority genes only,
i.e., on k genes that are determined by the intersection of p sets (derived from
p perceptrons) consisting of ¢ most significant weights.

The parameters are p = 5,9, 11 and ¢ = 250 (¢ is large enough to have
non-empty intersections), and the numbers of priority genes are k = 23, 10, 8.
The results are stable for values close to p = 9 and larger K > 300, i.e., the error
is equal to zero if p € {8,9,10} and K >> 300. While the top rating for each
example is in general at least twice as large as the second largest one (for most
cases much higher), the rating for the test example No. 20 is only marginally
better than the second best rating. This example causes the misclassification
on EWS for p = 11 and for the first three entries of p = 9. On this example,
Kahn et al. report a vote of 0.40 [17], and our ratings are in the same range
between 0.41 to 0.45.

No license: PDF produced by PStill (c) F. Siegert - http://www.this.net/~frank/pstill.html



p/ K 11 33 99 297 891
5(k=23) | [L040] | [10,40] | [0,0,40] | [0.0,40 | [0,04,0]
Total errors 25% 25% 20% 20% 20%
9 (k=10) | [L02,0] | [L0,20] | [1,0,0,0] | [0.0,0,0] | [0,0,0,0]
Total errors 15% 15% 5% 0% 0%
11 (k=8 | [L,0,L,0] | [L,0,1,0] | [1,0,0,0] | [1.0,0,0] | [1,0,0,0]
Total errors 10% 10% 5% 5% 5%
Table 2

Classification results when training performed on x priority genes only.

The rating of the five ”other” examples is below 0.25. Thus, our method is
sensitive to the right choice of p. We obtain zero classification error on 10 genes
only, whereas in [17] 96 genes are used for classification (which are derived from
3750 ANNs; the ANNs are trained and evaluated on different selections out of

the sample set).

The run-time ranges from 1 min (for p =5 and K = 11) up to 113 min (for

p=11 and K = 891).

Since we are using |w;| for the selection of priority genes, it is interesting
to know whether the largest absolute values of weights correspond to the most
significant average values of gene-expression data. Table 3 provides the rank
of the average value for priority genes calculated for K = 297 and the EWS
cancer type. In this run, we have p = 9 and x = 10 (cf. Table 2). We recall that
q = 250; for the largest average values of gene-expression data this means the

range of ranks 2059, ..., 2308.

Gene || 246 | 469 | 509 |

545 | 1708 | 1781 | 1834 | 1841 |

1961 | 2223

Rank || 2280 | 2290 | 1580 | 2284 | 2186 | 2306 | 2166 | 1770 | 1544 | 2049

Table 3

Ranking of Priority Genes for SRBCT data.

In Table 3, 40% of the genes to not belong to this range; thus, there seems
to be no direct correspondence between the rank of the average value of gene-
expression data and the absolute value of weights in classifying threshold func-
tions from the first layer of the depth-three circuit, although all ten ranks belong

to the upper halve of rank values.

For p =9 (k = 10) and K = 297 we investigated the impact of the random
choice of subsets from the entire sample set. Since the sample sets are relatively
small, the parameter settings @ = 0.75 and 8 = 0.25 were chosen in our basic ex-
periments displayed in Table 2. We performed experiments for o = 0.85, ..., 1.0
and 8 = 0.35, ..., 0.5. The results are shown in Table 4.

Our algorithm represents a stochastic search procedure, and therefore it pro-
duces (in general) different hypotheses even for the case « = § = 1.0. To have a
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balanced number of positive and negative examples, we chose « = 1.0, 8 = 0.5
as maximum values. Table 4 clearly demonstrates the effect of Epicurean learn-
ing: The classification results become worse if the number of potential training
subsets becomes smaller.

p /a8 | [080,0230] | [0.85,0.35] | [0.90,0.40] | [0.90,040] | [1.0,0.5]

9 (k = 10) [0,0,0,0] [0,0,2,0] [0,0,3,0] [0,0,3,0] [0,0,3,0]
Total errors 0% 15% 15% 15% 15%
Table 4
Impact of Epicurean Learning (SRBCT data).

4.2 AML/ALL Data

In this case, we have a binary classification problem and therefore ¢ = 8 =
0.75 has been chosen. In Table 5, the training has been performed on all 7129
input variables (gene-expression data). The entries in the table are the errors in
the order [ALL,AML]. The values are typical results from several runs for each
parameter setting.

The classification improves on the results published in [13]. The run-time is
between 1 min and 44 min. The problem is whether the same or even better
results are possible on significantly smaller numbers of gene data inputs.

K | 33 | 99 | 297 | 891 | 2673

Error Distr. || 0,3] | [1,2] | [1.2] | 22 | [2.]
Total errors || 8.8% | 8.8% | 88% | 11.8% | 8.8%
Table 5

Classification results when training performed on all 7129 genes.

In Table 6, the training procedure has been performed on priority genes only,
according to the procedure described in Section 2.3. Here, the parameters are
p =19, 13, 17 and the same ¢ = 250 as for SRBCT data. The corresponding
numbers of priority genes are k =69, 48, 42. The run-time ranges from 13 min
(for p=9 and K = 33) up to 578 min (for p = 17 and K = 2673).

For p = 13,17 and K > 297, we have two classification errors, whereas
the best result reported in [13] are six errors. Moreover, our classification is
obtained on 42 genes only (p = 17).

If K << 300 for p= 17, the number of priority genes seems to be too small
to provide a better classification, whereas kK = 69 (p = 9) is too large in order
to achieve the same result as in Table 5 where probably the impact of “noisy
data” cancels out on a larger number of input data.
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Classification results when training performed on x priority genes only.

p/ K | 33 | 99 | 207 | 801 | 2673
9 (k= 69) 2,2] | [22] | [22] | [2,2] (2,2]
Total errors || 11.8% | 11.8% | 11.8% | 11.8% | 11.8%
Br=a8) | LY | 12 | Ly | Ly | [y
Total errors || 5.9% | 88% | 5.9% | 5.9% | 5.9%
T=42) || 21 | R | LU | LYy | Ly
Total errors || 8.8% | 88% | 5.9% | 5.9% | 5.9%
Table 6

The classifications shown in Table 6, the ratings are strict (i.e., above the
threshold 0.5) on almost all samples, except for the two samples ALL-43 and
AML-64. On these two samples, the classification is usually in favour of the cor-
rect prediction, but the margin between the ratings is very small, e.g., [0.48,0.5]
for AML-64 and [0.35,0.32] for ALL-43.

In Table 7, we provide the rank of the average value for priority genes cal-
culated for K = 297 and p = 13 (k = 48). Since we have ¢ = 250 again, the
largest average values of gene-expression data correspond to the rank numbers
6880, ..., 7129. More than 58% of the genes from Table 7 to not belong to this

range.

Gene
Rank

Gene
Rank

Gene
Rank

Gene
Rank

Gene
Rank

19 45
7104 | 7056
1421 | 1694
6969 | 6943
2402 | 2501
5598 | 6625
4654 | 4847
7007 | 4896
6200 | 6201
4648 | 6053

532 760
7004 | 2429
1704 | 1882
6980 | 4127
2597 | 3056
6971 | 6621
5191 | 5507
6748 | 7111
6209 | 6345
7052 | 6593

1092
5388

1928
6905

3258
6551

5552
6976

6760
6977

Table 7

1133
5396

2043
4272

4136
6939

5642
6972

6797
6552

1239
6907

2094
6967

4142
6763

5711
7068

6803
6566

1249 | 1376
6260 | 6903
2121 | 2186
6642 | 6846
4196 | 4377
6596 | 5350
5716 | 5772
7048 | 6908
6806

6517

Ranking of Priority Genes for ALL/AML data.

1400
5924

2288
3150

4535
6507

6180
6110

As for SRBCT data, we analysed the impact of an increasing size of randomly
chosen subsets of the entire sample set. For p = 13 (k = 48) and K = 297 we

performed computational experiments for « = 8 = 0.85, ..., 1.0.
As can be seen from Table 8, the classification becomes worse as the number

of potential training subsets decreases, if compared to the results from Table 6.
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p/ .8 | [0.80,0.80] | [0.85,0.85] | [0.90,0.90] | [0.95,0.95] | [1.0,1.0]

13 (k = 48) 2,1] 2,1] 3,1] 3,1] [3,1]
Total errors 8.8% 8.8% 11.8% 11.8% 11.8%
Table 8

Impact of Epicurean Learning (ALL/AML data).

5 Discussion

Initial reports on the analysis of gene expression data derived from microar-
rays concentrated on unsupervised learning, in which the main objective was
to determine which genes tend to have correlated patterns of expression. In
early experiments, the number of actual arrays was usually small, especially
when compared to the number of measurements per case, which is generally
in the order of thousands. As microarray technology evolves and becomes less
expensive, the number of arrays tends to grow, allowing for the construction
of supervised learning models. Supervised leraning models are increasingly be-
ing used, and classification of cases into diagnostic or pronostic categories has
been attempted. Besides classification performance, an important goal of these
models is to determine whether a few genes can be considered good markers
for disease. It is important to investigate whether simple learning models can
be successfully used for this purpose. In this paper, we showed an algorithm
based on simulated annealing that is used to train a system of perceptrons,
each obtained by resampling of the training set. The model was able to suc-
cessfully classify previously unseen cases of SBRCTs using a small number of
genes. Furthermore, we provided experimental evidence that Epicurean-style
learningmight be essential to obtain satisfactory classification results.
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