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Abstract
11

A multi-classifier diagnostic system was designed for distinguishing between benign and malignant thyroid nodules from routinely taken
(FNA, H&E-stained) cytological images. To construct the multi-classifier system, several combination rules and different mixtures of ensemble13
classifier members, employing morphological and textural nuclear features, were comparatively evaluated. Experimental results illustrated that
the classifier combination k-NN/PNN/Bayesian and the majority vote rule enhanced significantly classification accuracy (95.7%) as compared15
to best single classifier (PNN: 89.6%). The proposed system was designed with purpose to be utilized in daily clinical practice as a second
opinion tool to support cytopathologists’ decisions, when a definite diagnosis is difficult to be obtained.17
� 2007 Elsevier Ltd. All rights reserved.
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1. Introduction

Nodular thyroid lesions can be either benign or malignant.23
Malignant nodules often lead to cancer-related deaths and their
aggressiveness increases significantly with patients’ age [1].25
Physical examination combined with laboratory tests and ultra-
sonography are primarily used for the initial detection of thy-27
roid nodules. Although these techniques are useful in detecting
the extent and composition (cystic or solid) of thyroid masses29
[2], they cannot provide a definite diagnostic differentiation be-
tween benign and malignant nodules [3].31

Fine needle aspiration (FNA) biopsy examination is currently
considered as the test of choice for the diagnosis and manage-33
ment of thyroid nodules with an accuracy approaching 95%
[1]. However, routine screening of FNA microscopic slides35
is an elaborating and time consuming task, even for skillful
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cytopathologists, since it requires the visual inspection and eval-
uation of subtle nuclei morphological and textural differentia- 39
tions [4,5].

In order to objectify the diagnostic process, computer- 41
assisted microscopy systems have been introduced [3,6–11].
These systems have been designed to investigate whether mor- 43
phological and textural features of cell nuclei may be used to
quantitatively assess thyroid diseases. Nagashima et al. [12] 45
have reported significant statistical differences in nuclear area
and nuclear morphometry between the subtypes of follicular 47
thyroid lesions using Student’s t-test. Tseleni et al. [10] have
investigated the differences in nuclei sizes between various 49
types of thyroid carcinomas. Galera-Davidson et al. [13] have
found that optical density values were significantly different in 51
malignant and normal nuclei following stepwise discriminant
analysis. Ferrer-Roca et al. [3,14] have attempted to separate 53
normal thyroids from adenomas and from carcinomas using
densitometric, morphometric, and flow cytometric parameters 55
and Fisher linear discriminant analysis. Although quantitative
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cell nuclei morphometry carries information for classifying in-1
dividual cells, its usefulness in classifying patient cases has
been controversial [3,13,15]. More recent studies have inves-3
tigated the potential of pattern recognition techniques (back
propagation neural networks and non-parametric classifiers) for5
improving the diagnostic accuracy of thyroid lesions in clas-
sifying patient cases [8,9]. According to these approaches, a7
case is classified as malignant if a certain proportion of the cell
nuclei are labeled as malignant by the system, employing the9
May Grunvald Giemsa specialized staining protocol.

In the present study, we introduce a multi-classifier system11
to address the problem of diagnosing thyroid diseases, how-
ever, using cytological images of inferior quality, produced by13
a routinely used in most cytological laboratories staining pro-
tocol (Hematoxylin & Eosin (H&E) [16]). The challenge of15
using multi-classifiers systems to improve medical diagnosis
has been investigated by several researchers but for other ap-17
plications [17–20]. Peng has suggested a support vector ma-
chine (SVM)-based classifier combination scheme for classifi-19
cation of microarray data. Hayashia et al. have shown the ap-
plication of NN-multi-classifier systems for diagnosing hepa-21
tobiliary disorders. Sboner et al. [19] have used an ensemble
of linear discriminant analysis, k-NN and decision tree for im-23
proving the diagnosis of early melanoma. Lum et al. [20] have
investigated several classifier combination schemes, employ-25
ing the SVM and the Bayesian classifiers in detecting bone
fractures.27

Our motivation for exploring various classifier-combinations
was to investigate whether by employing such structures in-29
stead of single classifiers we could improve the discrimination
accuracy between benign and malignant thyroid nodules using31
low quality H&E-stained images. In this way, it might be fully
exploited by cytopathologists in daily clinical practice in or-33
der to minimize the risk of false patient selection for surgical
operation, while detecting malignancy with a high accuracy.35

2. Material and methods

2.1. Material37

Clinical material comprises 115 FNA biopsies of thyroid
nodules of 115 patients. FNA biopsies were collected from39
the Department of Pathology of the University Hospital of Pa-
tras, Greece. Patients were pre-selected in order to safeguard41
an adequate data sample for malignant and benign cases. Biop-
sies were stained with H&E and were characterized as benign43
(53/115) or malignant (62/115), according to the WHO criteria
by two experienced physicians, a cytopathologist (M.K.) and a45
histopathologist (P.R.). Malignant thyroid nodules were patho-
logically confirmed by histological findings. From each biopsy,47
the cytopathologist specified the most representative region and
marked it on the microscopy slide. From this region, images49
(1300×1030×8 bit) were acquired using a light Zeiss Axiostar-
Plus microscope (ZEISS; Germany) connected to a Leica DC51
300 F color video camera (LEICA; Germany). Consequently,
115 images were selected corresponding to the 115 patients of53
the study (one image per patient).

Fig. 1. (a) Original image sample of benign thyroid nodule (magnification
×400) and (b) pixel-based segmentation algorithm delineating cell nuclei in
(a).

2.2. Design of the classification system 55

The design of the thyroid nodules classification system was
performed in three stages: Images were initially segmented to 57
isolate nuclei from surrounding background. Subsequently, fea-
tures, encoding nodules’ nature (benign-malignant), were ex- 59
tracted from the segmented nuclei. Extracted features were then
fed into a multi-classifier structure that comprised five differ- 61
ent classifiers (linear least squares minimum distance (LSMD)
[21], statistical quadratic Bayesian [22], k-nearest neighbor 63
(k-NN) [22], SVM’s [23], and probabilistic neural network
(PNN) [24]). The system was tuned to identify benign from 65
malignant nodules, based on nuclei differences in texture and
morphology. 67

2.3. Segmentation

Accurate segmentation of nuclei is of crucial importance to 69
guarantee correct results in computer-assisted microscopy [25].
To quantify and investigate the important alterations induced on 71
cancerous thyroid nuclei by the disease, a pixel-based segmen-
tation algorithm was employed, aiming at nuclei delineation 73
(see Fig. 1). This technique relies on the principle of classi-
fying each image pixel as belonging to nuclei or surrounding 75
background based on the textural properties of a small neigh-
borhood region around each pixel. The segmentation algorithm 77
has been previously applied to nuclei identification in micro-
scopic images and has been developed by our group [26–28]. 79
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Table 1
Morphological and textural features extracted from cell nuclei

Nuclear DNA content and chromatin textural-related nuclear features Features describing shape and size

First-order statistical Second-order statistical
Based on DNA histogram Co-occurrence matrixa Run-length matrixb

Density (D) Correlation (Cor) Short run emphasis (SRE) Area (Area)
Standard deviation (StD) Entropy (E) Long run emphasis (LRE) Roundness (Round)
Kurtosis (Kurt) Inverse_diff_moment (IDF) Gray-level non-uniformity (GLNU) Concavitiy (Con)
Skewness (Skew) Sum_entropy (SE) Run-length non-uniformity Perimeter (Perim)

Angular second moment (ASM) Run percentage (RP)
Difference_variance (DifVar)
Difference_entropy (DifE)
Sum_of variance (SumVar)
Sum_of average (SumAv)
Absolute_value (AbsVal)
Variance (Var)
Autocorrelation (Autocor)
Contrast(Con)

aEach feature was computed with inter-pixel distance d = 1.
bThe number of gray-level runs was R − L = 4.

2.4. Feature extraction1

Following segmentation, 26 morphological and textural fea-
tures were extracted from each image to quantify the diagnostic3
information of cell nuclei (Table 1); morphological and textural
features were extracted from each segmented nuclei and a rep-5
resentative 26-dimensional mean feature vector was formed for
each patient. Morphological features describe the size and shape7
of nuclei and comprised measures of area, perimeter roundness,
and concavity. Textural features, that encode the variations in9
chromatin distribution within nuclei [29] were calculated from
first-order (mean, standard deviation, kurtosis, and skewness)11
and second-order statistics (features emanating from the run-
length [30] and co-occurrence matrices [31]).13

2.5. Features classification

2.5.1. Multi-classifier system15
Multi-classifier systems exploit the idea of combining infor-

mation from multiple sources with ultimate goal to improve17
classification results, compared to the use of single classifiers
[32]. Such systems have been recently introduced to medical19
research with promising results [19,33]. In this study we ap-
plied five different classifiers to the problem of discriminating21
benign from malignant thyroid nodules and we tested whether
their combination might improve classification performance.23
The classifiers used were two non-parametric (LSMD [21] and
Bayesian [22]) and three parametric (PNN [24], k-NN with Eu-25
clidean distant metric [22], and SVMs [23]).

LSMD classification is based on minimizing the mean-square27
error between the training set and arbitrary pre-selected points
in an augmented feature space. The discriminant function of29
LSMD is given by [21]:

di(x) =
d∑

i=1

acixi − bc, (1)
31

where d is the number of features, x is the unknown pattern
vector, ac are weight coefficients, bc is a threshold parameter, 33
and xi the unknown pattern vector elements.

The Bayesian is the optimal statistical classifier, designed to 35
give the minimum probability error for data following Gaussian
distribution. The discriminant function of the Bayesian classi- 37
fier is [22]

di(x) = ln(Pi) − 1
2 ln(|Ci |) − 1

2 [(x − mi)
TC−1

i (x − mi)], (2) 39

where Pi is the probability of occurrence of each class i, Ci is
the covariance matrix, and mi is the mean value of class i. 41

The PNN is a parametric four-layer feedforward neural net-
work classifier. The PNN determines each class probability den- 43
sity function (PDF) by linearly combining the kernel PDF es-
timation for each training sample separately for a given class. 45
Its discriminant function is given by [24]

di(x) = 1

(2�)d/2�d

1

N

N∑
k=1

exp

[
− (x − xik)

T(x − xik)

2�2

]
, (3)

47

where parameter � defines the spread of the Gaussian activation
function, N is the number of pattern vectors, d is the dimen- 49
sionality of pattern vectors, and xik is the kth pattern vector of
class i. 51

The k-NN is a parametric classifier. Unknown patterns are
classified using the following procedure: The k-NN that the 53
unknown pattern is closer to are identified and the unknown
pattern is classified to class j if the maximum number of kj 55
belongs to class j [22].

The SVM classifier again is a parametric classifier that seeks 57
the optimal mapping of input space into a higher dimensional
feature space, in which data can be considered linearly separa- 59
ble. The mapping is performed using a non-linear transforma-
tion function (kernel), with most common choice the Gaussian 61
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Fig. 2. Different schemas of multi-classifiers schemes.

Radial Basis function:1

KRBF(x, xi) = exp

(
−‖z − zi‖2

2�2

)
, � = spread. (4)

The discriminant function of the SVM classifier for binary clas-3
sification problems is

d(x) = sign

(
N∑

i=1

�iyiKRBF(x, xi ) + b

)
, (5)

5

where xi is the training data belonging to either class yi ∈
{+1, −1}, and �i and b are weight coefficients [23].7

The selection of the classifiers was mainly driven from the
fact that these algorithms have been individually applied suc-9
cessfully in computer-assisted analysis of cell nuclei [34–36].
Moreover, the k-NN and SVM classifiers have been used as11
“bench-mark” techniques in many pattern recognition applica-
tions [22,23]. Finally, their design is based on different theoret-13
ical concepts. This is of particular interest in combining classi-
fiers, since they might explore complementary information for15
the particular classification task.

A multi-classifier system is valuable if it outperforms best17
individual classifier’s performance [37]. For this reason, indi-
vidual classifiers were primarily optimized with respect to ad-19
justable parameters settings and functional feature sub-space
selection [38]. Adjustable parameters, which were experimen-21
tally determined, were the spread of the Gaussian activation
function for the PNN classifier, the number of k-neighbors for23
the k-NN classifier, and the selection of kernel function for the
SVM classifier. Feature sub-space selection was performed in25
order to retain only the feature subset with the highest discrim-
ination information and the least number of features. For this27
purpose an exhaustive search [22] algorithm was employed by
combining features in all possible ways. The classifier’s per-29

formance for each distinct feature combination was evaluated
using the leave one out method [22]. 31

Each individual classifier’s performance was optimized in
terms of overall classification accuracy i.e. maximize system’s 33
sensitivity (probability of a positive test among patients with
thyroid malignancy) and specificity (probability of a negative 35
test among patients without thyroid malignancy).

2.5.2. Ensemble classifier combination rules 37
The ensemble combination rules tested in this study were

the majority vote rule and the aggregation rules of minimum, 39
maximum, average, and product [37,39,40]. The majority vote
scheme goes with the decision when there is a consensus for it 41
or at least more than half of the classifiers agree on it. Conse-
quently, classification outputs from each classifier were com- 43
bined to form the final classification decision, following a ma-
jority vote rule [37], that satisfies 45

Gr(X) =
R∑

i=1

dr,i(X), (6)

where r is the class, X is the unknown pattern vector, i = 47
1, 2, . . . , R is the odd number of classifiers involved in the
majority vote scheme, dr,j is the binary decision value {0, 1}, 0 49
corresponds to misclassification and 1 to correct classification.
For a two-class problem, if G1(X) > G2(X), the unknown X 51
pattern is classified to class 1, otherwise X is classified to class
2. 53

Classifier combination using aggregation rules is not straight-
forward, since individual classifiers’ outputs vary due to their 55
different theoretical frameworks (similarity measures, probabil-
ity measures, etc.). For this reason, individual classifiers outputs 57
were normalized using the min–max normalization technique
[41] in order to transform classifiers outputs into probabilities 59
P(r/X), such as the sum probabilities of the classes add up to
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Table 2
Best feature subsets for that optimized the performance of individual classifiers

LSMD k-NN PNN Bayesian SVM

Best feature vector combination IDF D D StD D

SRE Cor StD Skew StD
GLNU Var Var DifE DifE
Round Perim Area GLNU Area

1 for each individual classifier (
∑Nc

i=1 P(r/X)=1, where Nc is1
the number of classes). The aggregation rules for classifying an
unknown pattern X to a class r are defined in relations (7–10).3

Product rule:

G
product
r (X) =

R∏
i=1

P(r/X). (7)
5

Sum rule:

Gsum
r (X) =

R∑
i=1

P(r/X). (8)
7

Max rule:

Gmax
r (X) = max P(r/X). (9)9

Min rule:

Gmin
r (X) = min P(r/X), (10)11

where P(r/X) is the probability of X to belong to class r . For
a two-class problem, if GRULE

1 (X) > GRULE
2 (X), where RULE13

is one of {product, sum, max, or min} rules, the unknown X
pattern is classified as class 1, otherwise X is classified as class15
2. Fig. 2 depicts schemas of multi-classifiers systems utilizing
the aforementioned aggregation rules. To ensure the optimum17
multi-classifier ensemble combination selection an exhaustive
search of all possible classifiers combinations was implemented19
[42]. All algorithms were developed using custom-made Matlab
source code.21

3. Results

The individual classifiers were optimized with regard to pa-23
rameter settings and available feature data. More specifically,
for the k-NN classifier, parameter k was experimentally set25
equal to 5, while for the PNN classifier, the spread of the Gaus-
sian function was experimentally set equal to � = 0.23. For27
the SVM classifier, the Gaussian radial basis function kernel
yielded the optimal performance with spread set equal to 1. Fur-29
thermore, each classifier was optimal designed using its own
representation of the input feature space. Best feature vectors31
and corresponding accuracies for each classifier are given in
Tables 2 and 3, respectively.33

Choosing the optimum ensemble scheme involved experi-
mentation, employing the exhaustive search methodology in35
ensemble members. Best ensemble scheme was selected as the
one that provided highest classification accuracy with minimum37

Table 3
Classification performance of each individual classifier in the task of dis-
criminating benign from malignant nodules

Classifiers Classification task (%)

Sensitivity Specificity Overall accuracy

LSMD 77.4 75.5 76.5
k-NN 88.7 83.0 86.1
PNN 88.7 90.3 89.6
Bayesian 85.5 69.8 78.3
SVM 90.3 75.5 83.5

Table 4
Performance rates of several ensemble classifier combination rules, using as
ensemble members the Bayesian, PNN, and k-NN classifiers

Schemes Ensemble schemes classification (%)

Sensitivity Specificity Overall accuracy

Minimum 93.6 88.7 91.3
Maximum 85.5 77.4 81.7
Average 93.6 83.0 89.6
Product 91.9 86.8 88.7
Majority vote 96.8 94.3 95.7

number of classifiers involved. Thus, the most effective ensem-
ble scheme comprises the Bayesian, the PNN, and the k-NN 39
classifiers. The latter when combined in the majority vote rule
gave the highest discrimination accuracy with sensitivity 96.8% 41
and specificity 94.3%. Comparative results for the aggregation
rules of min, max, sum, and product are presented in Table 4. 43

4. Discussion

In the present study, the proposed system has been designed 45
by combining different classifiers, which were firstly optimized
in parameter settings and in the number of features. The panel 47
of classifiers, namely LSMD, Bayesian, k-NN, SVM, and PNN,
approached from a different perspective, the problem of sep- 49
arating thyroid nodules into benign and malignant. This was
due to the diverse theoretical framework of each algorithm. 51
In this way, complementary information was exploited, which
proved valuable for boosting up the system’s sensitivity and 53
specificity. An indication supporting this conclusion is that dif-
ferent feature vectors subsets optimized each classifier’s per- 55
formance. The Bayesian highlighted as more informative fea-
tures, those describing nuclei texture. On the other hand, the 57
k-NN, LSMD, PNN, and SVM classifiers optimized their per-
formance using a mixture of morphological and textural fea- 59
tures (see Table 2). Moreover, although the classifiers tested in
this study have been successfully applied in computer-assisted 61
microscopy [34–36,43], it has to be stressed that their combi-
nation is for the first time investigated. 63

The proposed multi-classifier system was constructed using
several combination rules (namely minimum, maximum, aver- 65
age, product, and majority vote) and different mixtures of en-
semble classifier members. A comprehensive comparison be- 67
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tween these rules and classifier members combinations was per-1
formed in terms of maximizing sensitivity and specificity, using
the “test and select” method [32]. The best rule was proved to be3
the majority vote with ensemble classifier members the PNN,
k-NN, and Bayesian. This setup of the multi-classifier system5
attained significantly higher sensitivity (96.8%) and specificity
(94.3%) compared to the best single classifier, which was the7
PNN in terms of specificity (90.3%) and the SVM in terms of
sensitivity (90.3%).9

Although statistical approaches [14,44,45] have found signif-
icant differences in mean nuclear area and perimeter between11
groups of patients with benign and malignant thyroid nodules,
however, they have concluded that the characterization of indi-13
vidual aspirates based on morphometric features was untrust-
worthy. On the other hand, more recent studies have explored15
the potential of pattern recognition methods to overcome these
limitations. Karakitsos et al. [8,9] have investigated the use of17
neural networks and morphometric features in discriminating
benign from malignant thyroid lesions, achieving high accura-19
cies of 87% and 98%, employing the specialized May Grunvald
Giemsa staining protocol.21

In terms of overall classification accuracy, a direct compari-
son with previous studies is not feasible due to the differences23
in the data sets and the experimental settings utilized (different
staining protocols). Our system was evaluated employing the25
H&E-staining protocol, which is routinely used in daily clin-
ical practice, although it is not as accurate in labeling nuclei27
as other specialized staining protocols [8,9]. Thus, in this as-
pect, our system’s performance (95.7% overall accuracy) may29
be regarded as most encouraging.

Additionally, in terms of clinical use, our system provides31
a workable framework, since cases were directly classified ac-
cording to the mean appearance of nuclei extracted from repre-33
sentative areas, indicated interactively by the cytopathologist.
Since the main difficulty in diagnostic decision is to verify the35
existence of malignancy in suspicious areas [3,46], our system
was designed to support decision in these areas that may not37
lead to a definite diagnosis by visual inspection.

5. Conclusions39

Summarizing, we demonstrated that quantitative analysis of
cell nuclei and a suitable combination of different classifiers41
could improve the performance of single classifiers in diag-
nosing thyroid nodules. Experimental results are encouraging,43
illustrating that classifier combination strategies significantly
enhance sensitivity and specificity compared to single classi-45
fiers. In this way, the proposed system can be utilized in daily
clinical practice to support cytopathologists’ decisions, when a47
definite diagnosis is difficult to be obtained. Thus, by using the
system as a second opinion tool, excessive reexaminations and49
unnecessary surgical operations may be avoided.
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