
&p.1:Abstract A retrospective analysis of 19 follicular ade-
nomas, 12 minimally invasive follicular carcinomas and
3 widely invasive follicular carcinomas of the thyroid
was performed on 5-µm-thick Feulgen-stained paraffin
sections by means of a semiautomatic system for picture
analysis. The major aim was to assess the potential of
multiparameter karyometry for separation of the first two
tumour types. Sixteen planimetric and densitometric fea-
tures were defined in each case on 200–300 randomly se-
lected nuclei and processed by a number of uni- and
multivariate statistical methods. Despite predominantly
significant ANOVA results a substantial overlap between
tumour groups limited the practical usefulness of any
karyometric feature alone. Factor and cluster analyses in-
dicated independence of planimetric and densitometric
parameters from each other, which was of crucial impor-
tance in finding an optimal subset of variables for discri-
minant analysis. The classification rule derived from the
latter procedure was checked by the “jack-knife” meth-
od, by classification of 3 widely invasive cancers and by
hierarchical tumour clustering. Sensitivity and specificity
of the model for detection of malignancy were 100% and
94.7%, respectively. A multivariate karyometric ap-
proach, when applied correctly, can be a useful tool for
differentiation between follicular adenomas and mini-
mally invasive follicular carcinomas of the thyroid.
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Introduction

One of the major problems in thyroid surgical pathology
is the differential diagnosis of follicular adenomas and
well-differentiated, minimally invasive follicular carci-
nomas [15]. According to the current rules of histologi-
cal typing of thyroid tumours proposed by WHO [19],
the usual criteria for malignancy, like cellular atypia and
mitotic activity, are not helpful, and the only reliable in-
dicator of malignancy is capsular penetration and/or
blood vessel invasion. Indeed, in most cases cytological
examination of the fine needle aspiration material fails
to differentiate follicular carcinomas from adenomas,
especially atypical ones [34, 39]. This uncertainty re-
sults in a large number of non-conclusive cytology re-
ports or, in attempts to produce more concrete judg-
ments, leads to a high percentage of either false-positive
or false-negative diagnoses, depending on the strategy
chosen by the pathologist [39]. In suggestive cases other
methods, including intraoperative study of frozen sec-
tions, are required [40]. However, this last-named proce-
dure has the same drawbacks, because of its low sensi-
tivity for thyroid carcinomas in general (53%) and for
well-differentiated follicular carcinomas in particular
(0%) [35]. Even in paraffin sections careful examination
of numerous slides is necessary to confirm the presence
or absence of invasion [15, 22, 34]. Thus, the distinction
between these two types of thyroid tumours is a chal-
lenging task for the pathologist. One possible way to
improve diagnostic accuracy is to take a quantitative
karyometric approach. This method already has a fairly
long history in thyroid pathology, being regarded as
very promising by some [1, 23, 24] and useless by other
authors [25, 28, 30, 42, 43]. Most investigations support
an “intermediate” standpoint: that any statistically sig-
nificant difference revealed by karyometry is usually in-
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sufficient per se for correct classification of individual
cases because of the wide overlap of tumour groups [11,
16, 17, 29, 36, 38, 44, 47]. However, the performance of
this method is greatly improved when a multivariate sta-
tistical approach is adopted. In fact, it has become al-
most the rule in quantitative cytology that not only one
but several features have to be measured for each cell in
a sample. Under these conditions, multivariate statistical
methods are much more appropriate and powerful than
comparison of group means by Student’s t-test or analy-
sis of variance based on Chi-square distribution [29].
Baak and associates [1] were the first to show the great
advantage of stepwise multiple regression analysis in
cytology-based classification of thyroid lesions, but
their ideas were not elaborated further until a few years
ago. By using linear discriminant analysis, many au-
thors created highly accurate classification models
based on a combination of diverse karyometric [8, 26,
27, 32] or nucleolar [31] features. Another multivariate
method, principal component analysis, has been suc-
cessfully applied mainly in theoretical rather than prac-
tical settings [7, 37]. Nevertheless, pessimistic conclu-
sions have also been drawn after using this technique [4,
12]. It should be stressed that few authors have used a
multivariate approach in the differential diagnosis of
follicular thyroid tumours – and then mostly with con-
tradictory results [4, 8, 12, 31, 32] – and only one has
applied it to histological material [32].

The major aim of this study was to look for possible
ways of separating follicular adenomas and minimally
invasive follicular carcinomas of the thyroid gland in

paraffin sections with the aid of karyometry followed by
a multivariate statistical processing of the data.

Materials and methods

In all, 19 follicular thyroid adenomas and 15 follicular thyroid car-
cinomas (archival material) were analysed. The case selection cri-
teria were based on the WHO classification [19]. Only adenomas
with trabecular, microfollicular or normofollicular patterns of
growth and so-called atypical adenomas were included. Of the
cancers, 12 were minimally invasive and 3 widely invasive in type.
Macrofollicular adenomas, multinodular goitres with nodular hy-
perplasia, follicular variant of papillary thyroid carcinoma and
purely oxyphilic neoplasms were excluded. All surgically removed
specimens were fixed in buffered 10% formalin and embedded in
paraplast. In every case, new 5-µm-thick Feulgen stained sections
were made (Fig. 1 a, b). To ensure an adequate and unbiased sam-
pling, the following rules were followed. The fields of vision were
selected randomly from a whole tumour region according to a so-
called raster method, which is both highly efficient and reproduc-
ible [13, 14]. The minimally required number of nuclei for a sam-
ple to be representative was determined by preliminary measure-
ments as described by Collan et al. [6] and was approximately
100; Fleege et al. have shown that equal sample sizes are sufficient
for the raster method in the majority of cases [13]. To avoid any
doubt we measured at least twice as many (200–300) nuclei per
slide. The focus was adjusted separately for every neoplastic cell
in a field, because any deviations from correct focus greatly affect
the precision of the measurements [3, 10]. Only nuclei with clear-
ly defined borders and without overlap were eligible, and only 3–5
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Fig. 1 aNuclei from a solid-trabecular thyroid adenoma. b Nuclei
from a minimally invasive follicular thyroid carcinoma. Feulgen
stain, original magnification ×1000&/fig.c:



of them were actually measured in a frame, as recommended by
Fleege et al. [14]. Nuclei with obvious signs of mitosis, apoptosis,
or other degenerative changes were excluded.

Karyometric features were evaluated by means of a semiauto-
matic system for picture analysis. The hardware configuration in-
cluded a 3CCD colour video camera, model DXC-930P (SONY,
Japan) mounted on an Axioplan light microscope (ZEISS, Germa-
ny) and an image processing unit (CIRES, KONTRON, Germany)
based on a powerful microcomputer with Pentium processor. Nu-
clear images were read through a Neofluar 1.3/100 objective with
oil immersion, digitized by a frame grabber at 752×582 spatial
resolution and 256 levels of grey and projected on to a TV monitor
at ×1800 final magnification. For the analysis we used the red im-
age channel, since it is complementary to the blue colour and thus
allows the best discrimination of different picture elements [5].
Further image processing was carried out by using CIRES soft-
ware, version 3.0a. Nuclear contours were traced either automati-
cally or interactively, depending on the degree of separation be-
tween a nucleus and the background. The following parameters
were measured [5]:

Nucleus area (NA)
Mean optical density within a nucleus (MOD)
Standard deviation of optical density within a nucleus (SDOD)
Skewness in the frequency distribution of optical density within a
nucleus (SkewOD)
Excess in the frequency distribution of optical density within a nu-
cleus (ExcOD)
Minimal optical density within a nucleus (MinOD)
Maximal optical density within a nucleus (MaxOD)
Integrated optical density within a nucleus (IOD)

Thus, one planimetric feature (NA) characterized the size of neo-
plastic nuclei, whereas 6 densitometric parameters described sev-
eral different chromatin properties, such as degree of condensation
(MOD, MinOD, MaxOD), heterogeneity (SDOD) or distribution
within a nucleus (SkewOD, ExcOD) [7]; the last feature, IOD, re-
flected the general amount of the absorbing material in a given nu-
cleus [5]. The system was calibrated with a micrometric scale to
obtain the NA values in square micrometre. All remaining parame-
ters were measured in arbitrary units related to a reference image;
calibration of illumination and correction for shading and local
background were used each time to avoid any artificial changes in
object brightness [3]. The data obtained were stored on the hard
disk and then exported to Excel spreadsheets. At this stage, the
values of all parameters were averaged separately for each patient;
moreover, standard deviations, as measures of internuclear vari-

ability, were also calculated. The final data set, therefore, con-
tained the doubled (16) number of columns (variables) and the
number of rows already corresponding to the tumours studied (19
for adenomas and 15 for carcinomas). All further uni- and multi-
variate statistical procedures were carried out on this data set ex-
clusively by means of SPSS for Windows software (SPSS, Chica-
go, Ill.), version 6.1.3a. With respect to the following steps, how-
ever, it was unwise to ignore the heterogeneity of the carcinoma
group (that is, the mixture of cancers with minimal and massive
invasion of the stroma). Indeed, the widely invasive carcinomas
might display rather distinct karyometric features compared with
the minimally invasive ones, and moreover, they usually do not
present any diagnostic difficulties for the pathologists. However, it
was also irrational to split the carcinoma group, since there were
too few massively invasive carcinomas. Thus, for the sake of sub-
sequent analysis, we decided not to include the widely invasive
cancers until the last stages and to focus mainly on the differences
between the adenomas and the carcinomas with a minimal inva-
sion of the stroma.

Results

All variables were checked for deviation from normality
by the one-sample nonparametric Kolmogorov-Smirnov
test. In no case could the null hypothesis be rejected (sig-
nificance levels ranged from 0.20 to 0.99 for both
groups), so that we could assume a Gaussian distribution
of the parameters. On this basis multivariate normality
was also assumed, because at present it cannot be tested
directly in any other way [2, 9, 33]. The assumption of
normality permitted the application of parametric meth-
ods in the next steps. One-way analysis of variance (AN-
OVA) was used for univariate comparisons of the group
means. For all variables, covariance matrices were as-
sumed to be equal (P-values in the Levene test ranged
from 0.06 to 0.98). ANOVA revealed statistically signifi-
cant differences between follicular adenomas and carci-
nomas for all parameters measured except for IOD Mean
(Table 1). Two variables – MinOD Mean and SkewOD
Mean – had higher F-scores than the others, suggesting a
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Table 1 Karyometric features
of follicular thyroid neoplasms
evaluated at group means, and
ANOVA-test results (NA nucle-
us area, MOD mean optical
density within a nucleus,
SDODstandard optical density
within a nucleus, ExcODex-
cess in the frequency distribu-
tion of optical density within a
nucleus, IOD, integrated opti-
cal density within a nucleus,
MinOD MaxODminimum,
maximum optical density with-
in a nucleus, StDevstandard
deviation)&/tbl.c:&tbl.b:

Variable Parametera Follicular adenomas Follicular carcinomasb One-way ANOVA
no.

Mean SEM Mean SEM F-value Significance

1 NA Mean 31.65 1.81 47.35 1.97 32.3 <0.00005
2 NA StDev 7.32 0.72 13.93 1.22 24.9 <0.00005
3 MOD 0.35 0.02 0.24 0.01 26.3 <0.00005
4 OD StDev 0.08 0.004 0.06 0.004 11.2 0.002
5 SDOD Mean 0.10 0.006 0.08 0.004 5.9 0.02
6 SDOD StDev 0.03 0.002 0.02 0.001 13.8 <0.00005
7 SkewOD Mean 0.48 0.06 –0.09 0.05 46.8 <0.00005
8 SkewOD StDev 0.47 0.01 0.38 0.02 17.2 <0.00005
9 ExcOD Mean 0.12 0.07 –0.24 0.03 14.1 <0.00005

10 ExcOD StDev 0.68 0.04 0.46 0.02 21.3 <0.00005
11 MinOD Mean 0.13 0.005 0.08 0.004 50.0 <0.00005
12 MinOD StDev 0.05 0.004 0.04 0.003 7.4 0.01
13 MaxOD Mean 0.67 0.03 0.54 0.03 7.9 0.009
14 MaxOD StDev 0.16 0.01 0.12 0.008 5.7 0.04
15 IOD Mean 1128.3 75.8 1150.9 37.45 0.04 0.84
16 IOD StDev 267.5 25.2 361.5 16.61 5.5 0.03

a Values of parameters are given for NA in square micrometers and for all others in arbitrary units
b The carcinoma group included only minimally invasive cancers&/tbl.b:



leading role for them in tumour distinction. It should be
emphasized that, despite the highly significant ANOVA
results, none of the variables alone was sufficient for
classification of individual cases (for example, by using
cut-off values) because of a consistent overlap of tumour
groups.

To investigate possible interactions among variables,
we applied a number of multivariate statistical methods.
1. Factor analysis. First, all principal components hav-
ing eigenvalues greater than 1 were extracted. Tests for
sampling adequacy (Kaiser-Meyer-Olkin measure 0.73;
Barlett’s test of sphericity P<0.0001) and large com-
munalities of the variables (ranging from 0.73 to 0.97)
indicated the relevance and high efficiency of the analy-
sis [2, 33]. For the simplest interpretation of both factors
and variables, orthogonal Quartimax rotation of the
structure matrix was chosen [33]. As a result, the pro-
gram extracted 3 underlying principal components,
which explained 88.8% of the total variance (61.9%,
19.8% and 7.1% by the first, second and third factors,
respectively). The contribution of the third factor was
relatively small (7.1%), and even after rotation all vari-
ables had their highest loadings on the two first princi-
pal components. The final structure matrix was, there-
fore, recalculated and plotted in two dimensions only,
without taking the third factor into account, as shown in
Fig. 2. Obviously, the entire set of karyometric parame-
ters falls into two distinct categories. The first one con-
tains all densitometric features (nos. 3–14), which are
strongly correlated with factor 1. The four remaining
variables having the highest loadings on factor 2 (NA
Mean, NA StDev, IOD Mean, IOD StDev, nos. 1, 2, 15
and 16, respectively) form the second category. It should
be pointed out that the same subdivision was also ob-
tainable with other methods of orthogonal rotation
(Varimax, Equamax) as well as without rotation at all
(data not shown), but in either case factors remain un-
correlated with each other. We decided, therefore, to
take into account the presence of these two independent
parameter categories for further analyses. As will be

shown below, such approach turned out to be of great
importance in the next steps.
2. Discriminant analysis. To build a highly stable classi-
fication model, the number of variables should be re-
stricted according to the size of the smallest group [2],
that is to say 5 or 6 at most in the present study. Hence,
the forward stepwise selection of variables based on
minimization of Wilks’ lambda was adopted. The value
of F was ≥3.84 for entry (approx. P=0.05) and ≤2.71 for
removal (approx. P=0.1). We did not use the signifi-
cance levels as selection criteria, since for some reason
the P-values computed by SPSS at each step are not ex-
act [33]. The chosen strategy, despite its substantial ad-
vantages, is not ideal, and its performance can be rather
poor when the general number of variables is large [9].
To overcome this drawback, we explored not only the
whole data set but also each of the two parameter cate-
gories revealed by factor analysis. Then we compiled all
variables selected from both categories and compared
the results with the previous ones. When all variables
were analysed simultaneously, only three densitometric
parameters (OD Mean, SkewOD Mean and MinOD
Mean) were selected. Analysis of the first parameter
category gave the same results. From the second catego-
ry NA Mean and IOD Mean were chosen. Finally, com-
bination of all five variables resulted in the greatest de-
crease of the Wilks’ lambda, which was statistically sig-
nificant compared with any of the foregoing variants.
Moreover, F-scores of the parameters exceeded the criti-
cal values for removal specified above. Thus, the canon-
ical discriminant function for further analysis was com-
puted on the basis of these five variables. Its Wilks’
lambda was 0.193, which corresponded to a significance
level of P<0.0001. In other words, the null hypothesis
can be rejected. To observe the degree of separation be-
tween the tumours, discriminant scores of all cases were
calculated and plotted as shown in Fig. 3. In spite of the
obvious difference between the groups a slight overlap
could be seen: that is, 1 adenoma was found in the area
occupied by carcinomas.
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Fig. 2 Plot of correlations (factor loadings) between karyometric
parameters and first two principal components extracted by factor
analysis, after Quartimax rotation. Variables are coded ordinally
by numbers from 1 to 16 in accordance with Table 1&/fig.c:

Fig. 3 Frequency histogram of discriminant scores in the two tu-
mour groups (FA follicular adenoma, FC minimally invasive fol-
licular carcinoma&/fig.c:
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The fitness of the model was estimated by case reclas-
sification, as described below. According to Box’s M
test, the group covariance matrices were not equal
(P=0.0002). The posterior probabilities were therefore
calculated on separate-groups covariance matrices. After
that, the program assigned every case to the one of the
two tumour groups for which the posterior probability
was larger (Bayes’ rule). Prior probabilities and costs of
misclassification were assumed to be equal for both
groups. To avoid an overoptimistic misclassification esti-
mate, the final validation of the model was performed by
using the jack-knife (leaving-one-out) method. It in-
volves leaving out each of the cases in turn, calculating
the discriminant function based on the remaining n-1
cases, and then classifying the left-out case [33]. Such a
procedure, in contrast to simple case resubstitution, sup-
plies unbiased results and has to be preferred to any oth-
er technique when sample sizes are relatively small [2,
9]. However, as shown in Table 2, the two validation

schemes in our example produced practically equal pos-
terior probabilities and misclassification rates. One fol-
licular adenoma (no. 7) was assigned by the model to the
carcinoma group, whereas all other cases were classified
correctly. It corresponds to an overall accuracy of 96.8%.
Specificity and sensitivity of the method for malignancy
detection were also calculated as described by Jasani and
Schmid [20] and constituted 94.7% and 100%, respec-
tively. It is worth mentioning that the same misclassifica-
tion rates were produced by the two models based on
separate parameter categories; however, posterior proba-
bilities under these circumstances were far less convinc-
ing than those in Table 2, particularly when only plani-
metric features were used.

After the model was computed and validated, it was
interesting to see how it would treat the widely invasive
carcinomas, which had been withdrawn from the analy-
sis. As shown in Table 2, all these 3 tumours were re-
garded by the model as malignant, and the probabilities
of the correct diagnosis were very high.
3. Cluster analysis. We applied hierarchical clustering as
an alternative to factor and discriminant analyses. That
is, both cases and variables were grouped. In each ver-
sion Ward’s method for clustering was adopted, since it
has some substantial advantages over all others and pro-
duces usually the most plausible classification schemes
[2]. Squared Euclidean distance or Pearson correlation
(in absolute values) was specified as a measure of dis-
similarity between cases or variables, respectively. To
equalize effects of differently scaled variables, all values
in the data set were standardized to a range of 0–1 [33].
For case grouping, only the features selected in stepwise
discriminant analysis were used. Steps in matching the
variables are shown in Fig. 4. After agglomeration of all
clusters with pairwise distances less than 6 rescaled
units, there are only 2 clusters left, which correspond ex-
actly to the parameter categories revealed by factor anal-
ysis. Again, these two groups of variables appear to be

Table 2 Predicted groups and posterior probabilities obtained in
discriminant analysis by using two different methods of model
validation. Widely invasive cancers were held out while comput-
ing the model. FA follicular adenoma, FC follicular carcinoma:
m.i. minimally invasive; w.i. widely invasive; ** wrongly classi-
fied.&/tbl.c:&tbl.b:

No. Actual Resubstitution method Jack-knife method
group

Predicted Probability Predicted Probability
group group

1 FA FA 1 FA 1
2 FA FA 1 FA 1
3 FA FA 1 FA 1
4 FA FA 1 FA 0.93
5 FA FA 0.97 FA 0.96
6 FA FA 0.89 FA 0.87
7 FA FC** 0.79 FC** 0.96
8 FA FA 1 FA 1
9 FA FA 1 FA 1

10 FA FA 0.99 FA 0.99
11 FA FA 1 FA 1
12 FA FA 1 FA 1
13 FA FA 1 FA 1
14 FA FA 1 FA 1
15 FA FA 1 FA 1
16 FA FA 1 FA 0.99
17 FA FA 1 FA 1
18 FA FA 1 FA 1
19 FA FA 1 FA 1
20 FCm.i. FC 1 FC 1
21 FCm.i. FC 1 FC 1
22 FCm.i. FC 1 FC 1
23 FCm.i. FC 1 FC 1
24 FCm.i. FC 0.916 FC 0.877
25 FCm.i. FC 0.9964 FC 0.9912
26 FCm.i. FC 0.9994 FC 0.9992
27 FCm.i. FC 0.9038 FC 0.8751
28 FCm.i. FC 0.9992 FC 0.9984
29 FCm.i. FC 1 FC 1
30 FCm.i. FC 1 FC 1
31 FCm.i. FC 1 FC 1
1 FCw.i. FC 0.987 – –
2 FCw.i. FC 1 – –
3 FCw.i. FC 0.962 – –

&/tbl.b:

Fig. 4 Horizontal dendrogram representing steps in hierarchical
clustering of karyometric parameters. The acutal distances at
which separate clusters were joined up are proportionally rescaled
to a range from 0 to 25 so that the ratio of the distances between
steps is preserved&/fig.c:
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quite distinct from each other, since the rescaled distance
between them is much larger than that of the next subdi-
vision (24 and 6 units respectively; see Fig. 4). The sum-
mary of the case clustering can be interpreted in a simi-
lar way (Fig. 5). The two main clusters are identical to
the groups predicted in discriminant analysis, including
the number of the misclassified case (cf. Table 2). Fur-
thermore, the tumour groups are also well separated and
can be clearly defined in the greater part of the multidi-
mensional space (rescaled distances from 7 to 25 units;
see Fig. 5).

Discussion

According to current WHO recommendations, the diag-
nosis of minimally invasive follicular carcinoma should
be based entirely on the demonstration of vascular and/or
capsular invasion [19]. Such restriction of the diagnostic
criteria is not satisfactory, for at least two reasons. The
diagnosis of follicular adenoma becomes shaky without
representative sampling of the tumour capsule, which is
particularly frequent in consultation cases [15], and for
the same reason an intraoperative examination of frozen
sections is insensitive for minimally invasive follicular
carcinoma [35]. The other point is that even in serial par-
affin sections unequivocal recognition of true capsular
invasion can sometimes be difficult. For example, pene-

tration of the inner half of the capsule or appearance of
tumour islands embedded within the capsule does not
count as true invasion according to the common defini-
tions [19, 34]. However, Schröder et al. point out that
these islands sometimes represent real tumour invasion,
although it is usually not possible to differentiate them
histologically from islands of non-invasive adenoma tis-
sue that have been entrapped within the capsule owing to
capsular enfolding or capsular fibrosis [41]. Further-
more, both these authors [41] and Kahn and Perzin [22]
reported development of metastatic disease in patients
who had infiltration (but not complete disruption) of the
capsule – the capsule being sectioned in toto – as the on-
ly histological proof of malignancy. Similarly, evidence
of angioinvasion can be questionable [22]. Such uncer-
tainty results in wide interobserver variability, which has
been well documented by Greenbaum et al. [18]. Thus,
the difficulties inherent in clear separation of these two
tumour types seems to be a stumbling block in thyroid
pathology. It is especially true when it is taken into ac-
count that immunohistochemistry, electron microscopy,
and flow cytometric DNA measurements all fail to be
helpful in this respect [20, 21, 41, 43, 45, 46].

We present a possible way of improving diagnostic
precision by using the multivariate karyometric ap-
proach. The method combines high precision and repro-
ducibility of karyometry with the power of multivariate
statistics [29].

One-way analysis of variance revealed significant dif-
ferences between follicular adenomas and minimally in-
vasive follicular carcinomas on all parameters measured
except for IOD Mean (see Table 1). Similar findings are
reported by most other authors [7, 16, 17, 23–25, 32, 36,
38, 44, 47]. As for IOD Mean, this parameter is usually a
starting point in calculation of DNA indices for ploidy
assessments [5]. We did not perform such an analysis,
because histological preparations used by us did not sat-
isfy the recently accepted standards for DNA measure-
ments [3]. Nonetheless, the non-significant ANOVA re-
sults for IOD Mean indirectly confirm the equality of
ploidy levels in both types of follicular thyroid tumours
[21, 30, 34, 42, 43, 45]. It should further be mentioned
that some investigators who used a karyometric approach
did not observe any statistically significant differences
between follicular adenomas and carcinomas at all [28,
30, 42, 43]. The only obvious explanation for such dis-
agreement is the small size of the samples, especially in
the carcinoma group. Indeed, nowhere (including the
present study) does the number of malignant follicular
tumours exceed 27 (and no more than 10 with minimal
invasion), which is a small number for statistical analy-
sis. This shortcoming is not easy to overcome, however,
because minimally invasive follicular carcinomas are
rare [34]. As a result, there is usually an enhanced proba-
bility of a type II error in karyometry (failure to detect
significant differences), which explains the aforemen-
tioned discrepancies. It deserves special emphasis that
the matter in question is the statistical, and not the prac-
tical significance of the findings. That is to say that any

Fig. 5 Horizontal dendrogram representing steps in hierarchical
clustering of follicular thyroid neoplasms on the base of five
karyometric parameters (NA mean, MOD mean, SkewOD mean,
MinOD mean und IOD mean). Case numbers correspond to those
in Table 2 (** wrongly grouped). For further explanation see also
Fig. 4&/fig.c:



hypothesis testing simply answers the question as to
whether the diagnostic groups are different, and gives
little idea about how different they are and how useful
this difference is in practice. Unfortunately, both the
data in the literature [4, 24, 25, 36, 38] and our own
experience indicate that even highly significant testing
results in karyometry are still accompanied by an inevi-
table overlap between patient groups, which severely
limits the diagnostic usefulness of any karyometric fea-
ture alone.

In contrast to univariate statistics, multivariate pro-
cessing of the data provided us with much more informa-
tion. Taking into account the results of factor analysis,
we divided the whole set of variables into two indepen-
dent categories. This separation was later confirmed by
cluster analysis (see Figs. 2, 4). The first parameter cate-
gory covered all densitometric features, which correlated
with each other very closely. Thus, our initial surmise
about different meanings of these variables failed to
hold; they are probably all equally dependent on certain
changes in the chromatin structure, and can be regarded
as a united group of descriptive nuclear features [10].
The second parameter category included the characteris-
tics related to the nuclear size, i.e. NA Mean, NA StDev,
IOD Mean and IOD StDev. The presence of the last two
variables here is justified, since the IOD value is calcu-
lated as the sum of optical densities of each pixel en-
grossed by a given nucleus on a TV screen [5]. As a con-
sequence, this parameter depends about equally on both
nuclear area and optical density. Figure 2 clearly demon-
strates this relationship: IOD Mean (no. 15) lies practi-
cally in the middle between planimetric (1, 2) and densi-
tometric (3–14) features. Yet, it is referred to the second
category owing to a much higher loading on factor 2
(0.8) than factor 1 (0.38; see Fig. 2).

Thus, densitometric and planimetric properties of
neoplastic nuclei proved to be independent of each other.
Furthermore, their relative contribution to the discrimi-
nation between benign and malignant conditions was not
the same. As described in the Results, factor 1 accounted
for most (61.9%) of the total variance, only 19.8% being
explained by factor 2. That is probably why only densi-
tometric features were selected by the first run of step-
wise discriminant analysis. When regarded separately,
the first parameter category yielded more confident clas-
sification results than the second. We can conclude,
therefore, that densitometric properties of neoplastic nu-
clei are superior to dimensional characteristics with re-
spect to their discriminatory power. Unfortunately, it is
impossible to correlate this finding directly with any ref-
erence in the literature, because to the best of our knowl-
edge, nobody has used factor analysis previously to in-
vestigate possible interactions among different karyo-
metric features. However, practically all authors who
performed simultaneous measurements of several dis-
tinct (geometric, densitometric, textural) nuclear parame-
ters came to analogous conclusions [16, 24, 26, 27, 37].

Nevertheless, we agree with Liautaud-Roger et al.
[27] that planimetric features, in spite of their secondary

position, have a high discriminatory potential. In this re-
spect our results are remarkably similar to those obtained
by Nafe et al. [32], even with regard to the absolute val-
ues of the parameters measured. As a result, we noted
that the combination of both densitometric and planimet-
ric features was significantly better than any of the cate-
gories alone. In practice, this superiority expressed itself
not in lower misclassification rates but rather in a higher
assurance of posterior probabilities. We, therefore, con-
sider the two parameter categories as complementary,
which is of crucial importance in finding an optimal sub-
set of variables for discriminant analysis. We also want
to emphasize that IOD Mean, while of no value in accor-
dance with ANOVA results, contributed significantly to
the discrimination between the tumour groups when used
together with other 4 selected variables. This fact dem-
onstrates once more the advantage of using multivariate
statistical methods in a case when several measured pa-
rameters can somehow be correlated with each other.

Similarity of misclassification rates and posterior
probabilities supplied by the two validation schemes (see
Table 2) indicates the adequacy of the case-to-variable
ratio in the analysis and high stability of the model [9].
This conclusion is also confirmed by completely identi-
cal case grouping obtained in cluster analysis (Fig. 5).
Moreover, the cases of widely invasive carcinoma were
classified by the model as definite malignancies (see Ta-
ble 2), so we can indeed expect a good performance of
the model in a prospective study. In addition, a relative
uniformity of karyometric differences between follicular
adenomas and carcinomas can be assumed regardless of
how widely the malignancies invade the stroma. The lat-
ter surmise requires further verification, since only a few
widely invasive cancers were involved in the current
study.

It is striking that during all classification procedures
performed, one follicular adenoma (no. 7) was always
wrongly assigned by the program to the carcinoma
group. This tumour had been resected in a 57-year-old
woman and appeared grossly as a completely encapsulat-
ed solitary thyroid nodule with maximum diameter of
40 mm. At microscopical examination the tumour
showed predominantly normofollicular pattern of
growth. The capsula was of uneven thickness, and neo-
plastic cells exhibited conspicuous variability in nuclear
size. A large number of gigantic nuclei strongly suggest-
ed the presence of aneuploidy. In addition, tumour cells
focally underwent oxyphilic transformation. Serial sec-
tions of the entire tumour mass did not reveal any evi-
dence of capsular or vascular invasion. The patient was
alive and free of disease within 2 years after the opera-
tion. Hence, we found no reasons to change the initial di-
agnosis. Nevertheless, some authors believe that DNA
aneuploidy may be a self-sufficient criterion for follicu-
lar thyroid cancer, even in the absence of obvious inva-
sion [18]. Further reasoning in this direction will lead us
to the dispute on whether preinvasive carcinoma or carci-
noma in situ exists and how justifiable a sharp separation
of benign and malignant follicular tumours is in general
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[18, 30, 42, 43]; however, this topic is beyond the scope
of the current paper. At present, we are inclined to con-
form to the generally accepted beliefs in this respect [19,
34] and attribute the wrongly classified case to the im-
perfect nature of our design rather than to biological het-
erogeneity of follicular thyroid neoplasms.

Hence, the classification rule obtained had an overall
efficiency of 96.8%. We believe, however, that the true
performance of a model should be assessed more pre-
cisely in a similar way to the rules adopted in immuno-
cytochemistry for the quality estimation of primary anti-
body reagents [20], i.e. in terms of sensitivity and speci-
ficity for malignancy detection. Unlike the overall accu-
racy, which can be very misleading when one of the
groups is much smaller than the other [33], these two in-
dices always permit an objective assessment of the final
output. In our study sensitivity of the model was 100%
and its specificity 94.7%. These values are among the
best described in the literature, although the actual mis-
classification rates are difficult to compare owing to the
distinct validation procedures applied by other authors.
The first multivariate statistical model (stepwise regres-
sion analysis) in the history of thyroid morphometry cre-
ated by Baak et al. [1] was based on two planimetric fea-
tures (nuclear/cytoplasmic size ratio and cell size) and
showed very high (up to 100%) sensitivity and specifici-
ty for detection of malignancy. However, these encourag-
ing results were substantially discredited by work of
Luck et al. [28], who found it impossible to perform cy-
toplasmic measurements in fine needle aspirates because
of the absence of definite cytoplasmic boundaries and
also did not find any statistically significant differences
between nuclear characteristics of the follicular thyroid
tumours [28]. Nafe et al. [32] computed their discrimin-
ant function on a learning set composed of 13 follicular
adenomas and 8 follicular carcinomas and then applied a
testing set (4 follicular adenomas and 5 well-differentiat-
ed follicular carcinomas) to examine it. One case of ade-
noma was falsely classified, which means 75% specifici-
ty and 100% sensitivity. However, the hold-out method
used by these authors has a substantial disadvantage:
when the sample size is small, a considerable part of the
information contained in the testing set is lost, and vali-
dation results are usually too pessimistic [2, 9, 33]. If we
take into account that reclassification of the learning set
in the work mentioned [32] was absolutely correct, then
the specificity increases to 94.1%, which is already very
close to our results. In a number of other papers the sen-
sitivity and specificity values for follicular malignancies
were 90.9% and 100% [8], 89% and 100% [12], and
96.2% and 93.8% [31], respectively, although some posi-
tive bias in these rates is present owing to the character
of the validation procedure used [2, 9, 33].

It should be mentioned that not all attempts of this
kind were so successful. For instance, the level of dis-
crimination between microfollicular adenomas and fol-
licular carcinomas obtained by Salmon et al. [36] was
only 58% after stepwise discriminant analysis based on
15 morphometric, densitometric and textural parameters.

Moreover, Cavallari et al. [4] demonstrated complete in-
ability of such analysis to distinguish between benign
and malignant follicular tumours in fine needle aspira-
tion smears. We would like to point out, however, that
only a few planimetric features were measured in the
latter study [4].

What can be seen from this short literature review is a
trend towards generation of highly accurate mathemati-
cal models for malignancy detection in follicular thyroid
neoplasms, although there is some inconsistency of re-
sults obtained by different authors. These discrepancies
are not surprising, because in every particular case a
large number of different factors, such as type of patho-
logical material used, types and subtypes of tumours se-
lected for investigation, staining techniques, sampling
modes, family of parameters measured, statistical meth-
ods adopted, to name but a few, make up a unique com-
bination, which in the end produces results that are diffi-
cult to compare. From our experience, an appropriate
choice of diverse options within a given multivariate sta-
tistical procedure proved to have a great impact on the
contents and correctness of the final output; this is why
we have described our data processing in such detail in
section Results. Thus, it would be very desirable to stan-
dardize the above-mentioned determinants [6], as has re-
cently been done, for instance, in DNA image cytometry
[3], or at least to specify all the crucial settings more pre-
cisely.

In conclusion, the application of multiparameter kary-
ometry in thyroid surgical pathology has not yet given
unequivocal results, although a strong positive tendency
in this field is evident. On the basis of the data obtained
in our current study we believe that the method, when
applied correctly, can become a very useful tool in dif-
ferential diagnosis between follicular adenomas and min-
imally invasive follicular carcinomas of the thyroid
gland.
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