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Abstract

The structure and parameters of a belief network are learned in order to classify images enabling the detection of

genetic abnormalities. We compare a structure learned from the data to another structure obtained utilizing expert

knowledge and to the naive Bayesian classifier and study quantization in comparison to density estimation in parameter

learning.
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1. Introduction

Automatic fluorescence in situ hybridization

(FISH) signal classification is essential for efficient

clinical diagnosis of genetic abnormalities. FISH

offers numerous advantages compared with con-

ventional cytogenetic techniques since it allows
numerical chromosome abnormalities to be de-
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tected during normal cell interphase. One of the

most important applications of FISH for the

detection of numerical aberrations such as Down

syndrome is dot counting, i.e., the enumeration

of signals (dots) within the nuclei, as the dots in

the image represent the inspected DNA sequences.

Manual dot counting is a time-consuming, labori-
ous and tedious procedure hence the need in

automation.

It has recently been proposed (Lerner et al.,

2001) to base FISH dot counting on a classifier

discriminating between valid signals and artifacts.

The research indicated the accuracy of FISH sig-

nal classification for dot counting using a neural
ed.
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network (NN). Yet, in order to better understand

the exact mechanisms underlying FISH signal clas-

sification and the relevance of each domain feature

to the classification process and to each other, we

are interested in this study in paradigms identify-
ing and manifesting relationships among the

features.

Probabilistic graphical models, and especially

belief networks (BNs) also called Bayesian net-

works, exhibit dependencies and independencies

inherent to the classification problem in edges

and lack of edges between graph nodes represent-

ing the domain variables, respectively. Besides
providing well-defined formalism for probabilistic

inference, BNs extend model interpretability by

representing causal relationships and dependen-

cies among variables (features). They also allow

the incorporation of prior (domain) knowledge

into a data-driven model, thereby increasing its

predictability especially in cases of scarce data.

The theory of BNs is well established (Pearl,
1988; Heckerman, 1995; Jensen, 2001) and a

several applications of BNs have already been

suggested. For example, face images were discrim-

inated from non-face images using a BN maximiz-

ing the Kullback–Leibler divergence between the

corresponding joint distributions (Pham et al.,

2002). In addition, a BN learned using the K2

algorithm (details in Section 3) fused decisions
from a several machine learning classifiers also

exploring their relative merit (Inza et al., 1999).

In another study, a BN structure was learned suc-

cessfully based on the naive Bayesian classifier

using missing data to tackle a clustering problem

(Pena et al., 1999).

Although originally proposed for knowledge

representation and inference under uncertainty
(Pearl, 1988), belief networks have lately been ap-

plied successfully also to classification (Langley

et al., 1992; Friedman et al., 1997; Cheng and

Greiner, 1999). We first identify a class node and

observed nodes representing the features. The

classifier is implemented by associating the compu-

tation of the conditional probability of a node

given other nodes (inference in a BN) with the
calculation of the posterior probability of the class

node given the observed nodes. Then, according

to Bayes� decision theory we assign a test pattern
to the class corresponding to the maximum poste-

rior probability, thereby minimizing the probabil-

ity of misclassification.

A special case of a BN is the naive Bayesian

classifier (NBC) that assumes variable independ-
ence conditioned on the class variable. When the

dependency relationships among the variables are

unknown (partially or completely), this simplifica-

tion of the model is worthwhile leading to en-

hanced prediction accuracy using reduced burden

of parameter estimation (Duda et al., 2001). Previ-

ous study have demonstrated the accuracy of the

NBC in FISH signal classification (Lerner, 2004),
however also its inferiority compared to the NN

classifier (Lerner and Lawrence, 2001). In order

to alleviate the independence restriction which

may undermine performance, we allow in this

study the BN to capture dependencies in the

domain. Network structures expressing the true

inter-connections between variables have higher

chances to represent correctly the data yielding
more accurate classification performance. We ad-

dress here both learning network structure and

parameters (the conditional probabilities quantify-

ing the inter-connections), and compare structures

learned from the data to others obtained utilizing

expert knowledge and to the NBC. The obtained

BN classifiers are then evaluated in discriminating

valid and artifact FISH signals of two genetic syn-
dromes in order to assess their benefit in automat-

ing FISH signal classification and dot counting.

Section 2 of the paper describes the analysis of

FISH images and signals. Section 3 presents the

BN model and discusses strategies of learning a

BN structure based on expert knowledge or the

data. The section also addresses BN parameter

learning using variable quantization as well as
inference. Section 4 demonstrates the capabilities

of the strategies in FISH signal classification. Fi-

nally, Section 5 discusses the results of the study,

while Section 6 concludes the research and pre-

sents topics of future research.
2. FISH image analysis and signal representation

FISH data preparation and acquisition have

been described thoroughly and an example FISH
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image has been given in (Lerner et al., 2001) and

thus avoided here. A total of 400 images were col-

lected from five slides demonstrating valid (�real�)
and artifact signals of red and green fluorophores

(dyes) representing trisomy 21 and 13, respectively.
Following segmentation, the system identified

around 900 nuclei within these images and around

3000 signals within the nuclei. Based on labels pro-

vided by expert inspection, the system recognized a

signal as �real� or �artifact� of the two fluorophores,

thus accomplishing a four-class classification

problem.

Following multi-spectral image analysis, twelve
features were measured for the signals. These in-

cluded area, eccentricity and a number of spectral

features. We computed at the specific color plane

three RGB (red–green–blue) intensity-based meas-

urements: the total and average channel intensities

and the channel intensity standard deviation. We

also computed four hue-saturation-intensity

(HSI) measurements: maximum hue, average hue,
hue standard deviation and delta hue. Delta hue

is the difference between the maximum and average

hue normalized by the average hue. Two additional

features of the set are the two coordinates of the

eigenvector corresponding to the largest eigenvalue

of the red and green intensity components of the

signal. The last feature is the average gray intensity,

i.e., average intensity over the three color channels.
These twelve features have been described and

motivated thoroughly as well as used successfully

in previous study (Lerner et al., 2001), and they

are listed and numbered in Table 1 to facilitate

their identification in the rest of the paper. No fea-

ture selection has been applied to them.
Table 1

The set of FISH signal features studied in the work

Number Feature

1 Area

2 Eccentricity

3 Total channel intensity

4 Average channel intensity

5 Texture

6 Maximum hue

Numbers are used to identify the features. �Texture� indicates standard
for the two coordinates of the eigenvector corresponding to the large

signal.
3. Learning and inference in a BN

A belief network model B for a set of variables

U = {X1,X2, . . .,Xn} having each a finite set of

mutually exclusive states consists of two main
components, B ¼ ðG; h). The first component

G ¼ ðV ;EÞ is a model structure that is a directed

acyclic graph (DAG) since it contains no directed

cycles. V is a finite set of nodes of G corresponding

to the variables of U, and E is a finite set of direc-

ted edges of G where the edge Xi ! Xj connects a

parent node Xi to a child node Xj. E represents

the dependence relations modeled by G, where
the presence or absence of an edge in E demon-

strates dependence or independence, respectively,

of two variables of U corresponding to the nodes

being connected or not by that edge.

The second component of the BN is a set of

parameters, h, that specify all of the conditional

probability distributions (or densities) that quan-

tify graph edges. The probability distribution of
each Xi 2 U conditioned on its parents in the graph

Pai � U is P(Xi = xijPai) 2 h when we use Xi and

Pai to denote the ith variable and its parents,

respectively, as well as the corresponding nodes.

The joint probability distribution over U given

a structure G assumed to encode this probability

is given by (Pearl, 1988; Heckerman, 1995; Jensen,

2001)

PðX ¼ x j GÞ ¼
Yn

i¼1

P ðX i ¼ xi j Pai;GÞ ð1Þ

where x is the assignment of states to each of

the n variables in U, xi is the value taken by Xi,
Number Feature

7 Average hue

8 Hue texture

9 Delta hue

10 Eig. 1

11 Eig. 2

12 Average gray intensity

deviation of intensity (5) or hue (8). Eig. 1, 2 are abbreviations

st eigenvalue of the red and green intensity components of the
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and the terms in the product compose the required

set of local probability distributions h quantifying

the dependence relations.

The computation of the joint probability distri-

bution and any probability related to the joint is
conditioned on the graph. Therefore, before com-

puting probabilities of interest we must obtain a

structure either from knowledge provided by an

expert or learned from the data.

3.1. Learning the BN structure

Constructing the BN structure is commonly
performed by employing expert knowledge to

identify variables in, and extracting dependencies

and independencies from, the problem domain.

Due to its apparent simplicity this attitude to

learning a BN structure seems very reasonable.

However, the expert-based structure may be differ-

ent from expert to expert, difficult to obtain in the

absence of an expert and time-consuming to be
manually constructed even when the domain is

known. Thus, there are advantages in learning a

BN structure directly from the data.

Most methods of learning a BN structure from

the data are score-based (Cooper and Herskovits,

1992; Heckerman, 1995; Friedman et al., 1997).

These methods comprise of a search procedure

after a network structure and a score employed
to evaluate each structure in the search space. An

exhaustive search in which every possible DAG

is scored is limited to structures with small num-

bers of nodes. Alternatively, a sub-optimal hill-

climbing method is the heuristic K2 algorithm

(Cooper and Herskovits, 1992). The algorithm be-

gins using a total ordering on the nodes, i.e., a par-

ent precedes its children, and the assumption that
a node has no parents. It then adds incrementally

that parent from the ordering whose addition in-

creases the probability (score) of the resulting

structure the most. The algorithm stops adding

parents to a node when the addition of no single

parent can increase the score.

A common score to evaluate structures is the

Bayesian score,

P ðG j DÞ ¼ P ðD j GÞP ðGÞ ¼ P ðG;DÞ ð2Þ

P ðDÞ P ðDÞ
of a structure G given a data set D = {d1,d2, . . .,dN}
which is a random sample from the joint probabil-

ity distribution of U. Since P(D) does not depend

on the structure, we may employ for the score,

the joint probability, P ðG;DÞ, the posterior proba-
bility, P ðG j DÞ, or the marginal likelihood,

P ðD j GÞ, assuming all structures are a priori

equally probable. For the K2 algorithm this crite-

rion is called the Bayesian Dirichlet metric, defined

as (Cooper and Herskovits, 1992):

P ðG;DÞ ¼ P ðGÞ
Yn

i¼1

Yqi

j¼1

ðri � 1Þ!
ðNij þ ri � 1Þ!

Yri

k¼1

Nijk!

ð3Þ
where P ðGÞ is the (constant) structure prior prob-

ability, n is the number of nodes in the graph, qi is

the number of configurations (states) of the par-

ents of the ith node, ri is the number of mutual

exclusive states of the ith node, Nijk is the number
of instances D in which the ith node is in the kth

state when its parents are in their jth configuration

and Nij ¼
Pri

k¼1Nijk. This score is scalable for large

data sets and decomposable since it is assumed

that the parameters associated with each variable

are mutually independent (a priori and due to data

completeness also a posteriori). Thus, the score

can be written as a product of independent sub-
scores one for each variable.
3.2. Learning the BN parameters

Eq. (1) summarized the joint probability over

the graph as a product of local probability distri-

butions one for each node conditioned on its par-

ents. In this study, all except one of the variables

(that representing the FISH signal area) are con-

tinuous, hence we have either to estimate densities

(Lerner, 2004) or quantize the variables. We

quantize the variables and study the dependence
of classifier accuracy on the number of quantiza-

tion levels. Following quantization, we model

local probabilities using the unrestricted multino-

mial distribution. According to this model, each

variable Xi 2 U is discrete having ri possible val-

ues x1i ; . . . ; x
ri
i , and each local probability of

the decomposed distribution in (1) can be de-

scribed as:
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Fig. 1. The naive Bayesian classifier represented as a belief

network applied to FISH signal classification. The class node is

the root of the structure (cause) and the numbered nodes

represent the features of Table 1 (effects).
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P ðxki j pa
j
i ; hi;GÞ ¼ hijk > 0;

Xri

k¼1

hijk ¼ 1 8i; j ð4Þ

where paji is the jth configuration of Pai and hi =

{hijk}jk is the set of parameters of the ith node tak-
ing up every possible value xki and configuration of

parents paji .
Learning probabilities in the Bayesian formal-

ism is updating the prior probability for the

parameters, P ðhs j GÞ, using the training data set

D to produce an improved a posteriori estimate

P ðhs j G;DÞ, where hs is the vector of parameters

(h1, . . .,hn). For the multinomial distribution, the
Dirichlet distribution is a conjugate prior and thus

the posterior is also Dirichlet. After seeing N cases

of D (i.e., training) we summarize Nij instances in

which the parents of node i are in their jth config-

uration among them in Nijk of the instances the

node takes up its kth state. Thereby, we are able

to compute the maximum a posteriori (MAP) esti-

mation that in the case XNþ1; xi ¼ xki and Pai ¼ paji
(i.e., test) as (Heckerman, 1995)

P ðXNþ1 j G;DÞ ¼
Yn

i¼1

aijk þ Nijk

aij þ Nij
: ð5Þ

The hyper-parameter of the Dirichlet distribution

aijk > 0 corresponds to the a priori probability dis-

tribution of Xi taking up its kth state while its par-
ents are in their jth configuration and

aij ¼
Pri

k¼1aijk. Different estimates are obtained

for different choices of hyper-parameters with

most approaches making the simplifying assump-

tion that aijk = a, "i and a = 0, 0.5 or 1 (Cooper

and Herskovits, 1992; Heckerman, 1995). Degen-

erating the estimate by taking all hyper-parameters

to be 0 (as in this study) we get the sample fre-
quency hijk = Nijk/Nij as the estimate for each local

probability which is the maximum likelihood (ML)

solution.

3.3. Inference

Probabilistic inference in BNs is the task of cal-

culating the conditional probability distribution of

a subset of the nodes in the graph (the �hidden�
nodes) given another subset of the nodes (the �ob-
served� nodes). In classification problems, the for-

mer subset includes only the class variable and

the latter subset contains variables representing

the features. The procedure used in this work for

probabilistic inference is the junction tree algo-
rithm (Lauritzen and Spiegelhalter, 1988; Huang

and Darwiche, 1994), though other methods

(Pearl, 1988) may do as well.
4. Experimentation and results

In order to perform the experiments, valid
(�real�) signals and artifacts of fluorophores dem-

onstrating two genetic syndromes in the FISH

images are represented using the features of Table

1 and classified as Real-Red, Artifact-Red, Real-

Green and Artifact-Green. The features are repre-

sented by the observable variables (nodes), and the

(hidden) class variable takes up four states associ-

ated with the four possible classes. Graph edges
point from cause to effect, i.e., from the class node

to the feature nodes responsible for signal

representation.

In the first section of experimentation we com-

pare different methods to learning a BN structure

with that of the NBC shown in Fig. 1. The first

method uses expert knowledge to improve the

NBC by adding necessary, and removing unneces-
sary, edges. Added edges from the max-hue (6) and

average-hue (7) nodes to the delta-hue (9) node, as

well as from the area (1) and total (3) and average

(4) channel intensity nodes to the average gray

intensity (12) node manifest dependency relations
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between nodes as reflected from expert knowledge.

The resulted expert-based structure is presented in

Fig. 2. In the second method to learning a BN

structure, we apply the K2 algorithm to search

for the structure having the maximum marginal
likelihood for classifying the FISH data when the

initial topological ordering inferred from expert

knowledge. The learned from data structure result-

ing from the K2 algorithm is presented in Fig. 3.

The figure shows that the K2 algorithm performs

a sort of feature selection by not connecting to

the structure variables not contributing to the

likelihood.
In the second section of experimentation aiming

at learning the BN probabilities we study quanti-

zation of continuous variables composing the

FISH domain letting states of nodes represent
Class
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Fig. 2. A BN structure incorporating expert knowledge for

FISH signal classification.
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4
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Fig. 3. A BN structure obtained using the K2 algorithm for

FISH signal classification.
quantization levels. We evaluate the optimal num-

ber of quantization levels, q, using the classifica-

tion accuracy and 10-fold cross-validation (CV)

experiment. Fig. 4 shows the four-class classifica-

tion accuracy on the test set of the expert-based
BN of Fig. 2 for increasing sizes of q. It shows that

using a few quantization levels (q 6 6) smooths the

densities and impends sufficient accuracy. Fig. 4

also demonstrates the �curse of dimensionality�
phenomenon in which the accuracy is reduced

for a fixed data set and increasing dimensionality

jDj / qn, where jDj is the required number of in-

stances in the data set and n is the dimension of
the feature space, i.e., the number of nodes in the

BN. For the FISH data, accuracy deterioration be-

gins beyond twelve quantization levels which is se-

lected as the optimal number of levels for

classification of this data.

Finally, we evaluate in Table 2 the accuracy of

BNs classifying FISH signals into the four classes

employing structures derived by either expert
knowledge (expert-based BN) or the K2 algorithm

(K2-based BN) in comparison to that of the NBC.

The NBC either utilizes kernel density estimation

(continuous NBC) (Lerner, 2004) or density quan-

tization (NBC). The comparison reveals only

slight differences between the models all achieving
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Fig. 4. The four-class classification accuracy (mean ± std) of

the expert-based BN of Fig. 2 for increasing numbers of

quantization levels employed in estimating probability

densities.



Table 2

The accuracy of a BN classifying FISH signals for structures

obtained using different methodologies

Model Classification accuracy (mean (std) in %)

Continuous NBC 78.66 (1.90)

NBC 77.06 (2.55)

Expert-based BN 79.13 (2.18)

K2-based BN 78.02 (1.62)

R. Malka, B. Lerner / Pattern Recognition Letters 25 (2004) 1777–1785 1783
almost 80% of test accuracy with a slight advan-

tage to the expert-based structure.
5. Discussion

Automatic signal classification is a key task for

efficient analysis of FISH images necessary in clin-

ical diagnosis of genetic abnormalities. In this

study, we suggested a classification methodology
based on a belief network identifying and mani-

festing causation, dependencies and independen-

cies among domain variables both qualitatively

and quantitatively. We learned a BN structure

capturing these relations and conditional probabil-

ities quantifying them before predicting a new pat-

tern. We studied structure learning based on

expert knowledge and a search-and-score proce-
dure called the K2 algorithm in comparison to

the NBC, a restricted BN assuming variable inde-

pendence given the class variable. For each of the

learned structures, we learned model parameters

by assuming variable multinomial distribution,

quantizing continuous variable values and calcu-

lating the ML solution. For the NBC we both

quantized and estimated densities.
When learning probabilities we experienced

peaked accuracy of the BN classifier when chang-

ing the number of quantization levels. Dropping

off the peak for increasing number of levels was

a consequence of the curse-of-dimensionality. In-

deed for the FISH database, variable states de-

rived for too many quantization levels were

estimated using very few examples thereby reduc-
ing classifier accuracy. Nevertheless, accuracies of

the three BN schemes are attributed mainly to

accuracies of their structures.

A comparison of classifier accuracy for the

structures revealed no major differences where all
structures led to almost 80% accuracy. The struc-

ture learned using expert knowledge outperformed

slightly that of the (discrete) NBC, probably since

the former structure was not affected by two fea-

tures (9 and 12) not too relevant to the class pos-
terior probability (Lerner, 2004). Also, the

expert-based structure exceeded that derived from

the K2 algorithm since the latter avoided relevant

features (2 and 6) to the posterior probability. In

addition, the K2 algorithm ignored a several of

the features (1, 3, 8 and 9) since density estimation

for them using uniform quantization was poor not

contributing to the K2 score. To some extent the
continuous NBC improved on the NBC quantiz-

ing probabilities due to quantization errors of

the latter. Similarity of performances between

the NBC and other BNs not assuming feature

independence has also been reported elsewhere

(Langley et al., 1992; Friedman et al., 1997). None-

theless, the minor differences in our study between

the structures deserve more consideration. Since a
node in a structure is affected only by nodes in its

Markov blanket (i.e., the node itself, its children,

parents and children parents) (Pearl, 1988), classi-

fication using a BN is affected only by those vari-

ables within the class node Markov blanket.

Inspection of the Markov blankets of the resulted

structures of the expert (Fig. 2) and K2-based (Fig.

3) BNs reveals that both structures can be consid-
ered as variants of the NBC structure (Fig. 1).

Although using different methods of learning, both

methods end up having similar structures to the

NBC leading to similar classification accuracies.

Regarding the expert-based structure, the similar-

ity to the NBC is the result of inducing the struc-

ture exploiting knowledge represented by the

NBC (e.g., a sole root which is the class node).
Concerning the K2 algorithm-based structure,

the similarity is the result of positioning the class

node first on the topological ordering rendering

this node a graph root and a potential parent hav-

ing no parents of itself. Then, the class node Mar-

kov blanket for both structures includes only the

node itself, its children and possible co-parents

for these children, all observed. Thus, most re-
sulted structures are either variants of the

NBC or of a tree augmented naive Bayes (TAN)

(Friedman et al., 1997) allowing each observable
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node to have an additional parent besides the class

node. Interestingly enough, this result has not been

explicitly emphasized in the Bayesian network

classifier literature.

Since the same FISH database was previously
classified by a neural network (NN) with 89%

accuracy (Lerner et al., 2001), we attribute the

around 10% gap between classifier accuracies to

a several reasons. First, an NN utilizing the mini-

mum-square-error criterion is a classification para-

digm, whereas a BN utilizing the Bayesian

Dirichlet metric (e.g., in the K2 algorithm) is a

paradigm of data representation and probabilistic
inference extended to classification but making use

of a criterion not directly related to classification.

Second, the NN handle continuous features natu-

rally whereas the BN needs quantization leading to

some error (e.g., 1.6% for the NBC). Third, the

number of parameters to estimate for the BN is

much larger (especially for a large number of

quantization levels) than for the NN, causing for
accuracy deterioration in the BN through the

curse-of-dimensionality. Finally, the optimal

structure is easily found for the NN, i.e., determin-

ing the number of hidden units using a validation

set and an estimation method such as cross-valida-

tion. However, the number of possible BN struc-

tures grows exponentially with the number of

nodes so the introduction of assumptions and con-
ditions can make the search feasible (such as in the

K2 algorithm) but cannot avoid the learned struc-

ture from being almost always non-optimal.
6. Conclusions

Classification of FISH images using BNs has
been studied. In order to render the procedure

attractive for clinical genetic diagnosis the pro-

posed methodology should be extended in different

ways, which are the topic of current research. First,

more accurate structures should be sought as the

inferiority of current structures in representing

the problem is attributed to their inability to cap-

ture the exact dependencies within the domain.
Unpublished analysis using other BN learning

schemes reveals significant dependencies among

FISH variables. Thus, regarding the expert-based
method, structures not related to the NBC but

reflecting the exact dependencies within the domain

more closely should be employed. Concerning the

K2 algorithm, topological orderings not restricting

the class node to the beginning of the order should
be evaluated. Moreover, ways making use of

knowledge contained within the features in addi-

tion to that provided by the expert to better initial-

ize the K2 algorithm will be studied. Inclusion of a

feature selection phase in structure learning may

also produce structures having less number of

parameters to estimate thus more accurate. Also,

ways incorporating hidden nodes into the BN in
order to capture larger class node Markov blankets

(considering the hidden node children) will be ex-

plored, all with the aim of improving structure per-

formance. Indeed, a preliminary study of structures

employing hidden nodes have shown improvement

in accuracy performance. In addition, replacing the

Bayesian Dirichlet metric of the K2 algorithm with

a criterion directly associated with classification
would also contribute to performance improve-

ment and some empirical results (Friedman et al.,

1997) support that. Regarding parameter learning,

prior probabilities compensating for scarce data

and methods optimizing the number of quantiza-

tion levels separately for each variable or part of

the distribution should both be considered.

Finally, although the BN paradigm has been
found inferior to the NN in classifying FISH sig-

nals, we believe that implementing at least some

of the above recommendations would provide

graphs that besides explaining relations among

variables qualitatively and quantitatively as re-

quired in this application and allowing the inclu-

sion of a priori knowledge while learning will

also provide better prediction accuracy.
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