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Abstract: In Indirect Immunofluorescence (IIF) the use of Computer-Aided Diagnosis (CAD) tools can support physi-
cians’ estimation of both fluorescence intensity and staining pattern. This paper reports our experiences in the
staining pattern recognition of IIF wells. Since several cells constitute each well, we have developed a Multiple
Expert System (MES) based on the one-per-class approach devised to classify the pattern of individual cells.
As a novelty, we introduce an aggregation rule based on the estimation of the reliability of each composing
experts. Then, the whole well staining pattern is computed using the reliability of its cells classification. The
approach has been successfully tested on an annotated set of IIF images.

1 INTRODUCTION

Connective tissue diseases (CTD) are autoimmune
disorders characterized by a chronic inflammatory
process involving connective tissues. Detection of
antinuclear antibodies (ANA) is a common marker
in patients with suspected CTD. The recommended
method for ANA testing is the Indirect Immunoflu-
orescence (IIF) microscopy based on HEp-2 sub-
strate (Center for Disease Control, 1996). IIF slides
are examined at the fluorescence microscope, and
physicians report both the fluorescence intensity clas-
sification and the staining pattern description. The
former is scored semi-quantitatively with respect to
both positive and negative controls contained in each
slide (Center for Disease Control, 1996). The latter is
reported only for positive samples, since they may re-
veal different patterns of immunofluorescent staining
that are relevant to diagnostic purposes. Indeed, more
than thirty different nuclear and cytoplasmic patterns
could be identified, which are given by upwards of
one hundred different autoantibodies. In the literature
such patterns are typically grouped in the following
classes (Rigon et al., 2007; Sack et al., 2003), that are
specific to the most relevant and recurrent autoanti-
bodies: (a) Homogeneous, staining of the interphase
nuclei and of the mitotic cells chromatin; (b) Periph-
eral nuclear or Rim, staining around the outer region
of the nucleus, with weaker staining toward the cen-
ter; (c) Speckled, fine or coarse granular nuclear stain-
ing of the interphase cell nuclei; (d) Nucleolar, large

coarse speckled staining within the nucleus, less than
six in number per cell; (e) No pattern: unclassifiable
pattern. Figure 1 depicts four examples of easily dis-
tinguishable staining patterns. No instance of the no
pattern class is reported since it is quite impossible
to find positive wells belonging to that class, whereas
some cells without a classifiable pattern can occur in
a given well.

The staining patterns may be evaluated at various
dilutions. On the one hand at high titer, e.g. 1:160,
they are usually clearly describable even if they con-
temporaneously occur, since only very positive sera
exhibit detectable fluorescence intensity. On the other
hand low dilutions, e.g. 1:40, allow detecting weak
positive sera. An intermediate 1:80 dilution is the
recommended and the most used one (Center for Dis-
ease Control, 1996), even because it allows not car-
rying out the end-point dilution1. At such a titer the
staining patterns are not easily detectable since both
strong and weak positive sera are positive. Indeed, for
the former sera the staining pattern is usually evident,
whereas for the latter it is not noticeable.

In the field of autoimmune diseases, the avail-
ability of accurately performed and correctly reported
laboratory determinations is crucial for the clinicians,
demanding for highly specialized personnel that are

1End-point dilution consists of patient serum progres-
sive dilution, until the fluorescence intensity disappears. It
is very expensive in time and cost, because the analysis of a
single patient requires more than a well.
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Figure 1: Examples of homogenous, peripheral nuclear, nucleolar and speckled images (left to right).

not always available. Moreover, the readings in IIF
are subjected to interobserver variability that limits
the reproducibility of the method (Rigon et al., 2007;
Sack et al., 2003). To date, the highest level of au-
tomation in IIF tests is the preparation of slides with
robotic devices performing dilution, dispensation and
washing operations (Das s.r.l., 2004; Bio-Rad Labo-
ratories Inc., 2004).

In this respect, some papers recently proposed
Computer-Aided Diagnosis (CAD) systems that sup-
port physicians’ decision on both the two sides of IIF
test diagnosis, i.e. the fluorescence intensity (Soda
and Iannello, 2006) and the staining pattern (Sack
et al., 2003; Perner et al., 2002; Soda, 2007).

With reference to the latter recognition task, in
(Sack et al., 2003) and (Perner et al., 2002) the au-
thors presented a decision tree induction algorithm
based on texture features extracted from segmented
cells of wells diluted at 1:160. These systems, which
classify the single cells pattern, exhibited an error rate
(Pe) of 16.9% (Sack et al., 2003) and 25.6% (Perner
et al., 2002). Recently, in (Soda, 2007) we presented
a recognition system devised to label the pattern of
HEp-2 wells diluted at 1:80 on the strength of its cells
classification. To recognize the individual cells, we
employed a classifier aggregation approach that intro-
duced a fixed reject rate since the decision rule was
very conservative (Pe and the reject rate (Pr) were
13.1% and 42.6% for individual cells, respectively).
To determine the staining pattern of the whole well,
two different procedures based on relative and ab-
solute majority of cells distribution among the vari-
ous classes were proposed. Using the former rule,
Pe = 12.9% and Pr = 16.6%, whereas adopting the
latter rule Pe = 8.3% and Pr = 29.5%, respectively.

Having developed a CAD for fluorescence inten-
sity, and motivated by the need to overcome the cur-
rent IIF limitations, here we present a system that sup-
ports the classification of the staining pattern of the
whole well at the 1:80 titer. With respect to (Soda,
2007), we use a more sophisticated classification ar-

chitecture, a different selection rule and criterion to
determine the well pattern in order to improve the
recognition performance. Furthermore, our work dif-
fers from (Sack et al., 2003) and (Perner et al., 2002)
for three main reasons: first, such papers classified
only the pattern of individual cells and not that of
the whole well; second, they used samples diluted at
1:160 and, third, our data set contains only positive
wells. With reference to the last point, notice that
both the medical guidelines and the clinical practice
require labelling the staining pattern only for positive
samples.

2 OUR APPROACH

To classify the well staining pattern into one of the
basic groups reported in the previous section, first we
segment the image to locate the cells and extract the
set of features; second, we classify the staining pat-
tern of cells and, third, we classify the staining pattern
of the whole well on the strength of the classification
of its cells.

In our opinion, such an approach addresses some
key-points of IIF staining pattern classification. In-
deed, a recognition approach based on the classifica-
tion of individual cells has the potential for detecting
the occurrence of multiple patterns, i.e. the predomi-
nant and the minor ones. Furthermore, this approach
is tolerant with respect to misclassifications in cells
recognition, since the final label of the well is com-
puted by using several pieces of information. Indeed,
if enough cells per well are available, it is reasonable
that cells misclassification, if limited, does not affect
the well pattern classification.

On the basis of a system that classifies the pattern
of individual cells, different rules can be employed
to label the well staining pattern. Differently from
(Soda, 2007), here we apply the Weight Sum Rule
(WS) among the classification of each cell, which is
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Figure 2: The system architecture. Part A: aggregation of
binary modules. Part B: each module is composed by a fu-
sion of experts.

et al., 2001; Gunes et al., 2003)) and selection tech-
niques (e.g. as in (Xu et al., 1992; Giacinto and Roli,
2001)), or on a mixture of them (e.g. as in (Kuncheva,
2002)). The fusion scheme supposes that all classi-
fiers are equally “skilled” and applied in parallel over
the whole feature space, providing robustness by mul-
tiplying the number of observation channels, which
are then combined in a data fusion block. The selec-
tion scheme, assuming that each classifier is an ex-
pert in some local area of the feature space, identifies
which expert has the biggest accuracy in a local re-
gion surrounding the sample, letting it label the input.
To improve the recognition performance attainable by
the L modules, we implement them with multiple bi-
nary classifiers combined by fusion, as depicted in
part B of figure 2. Specifically, as a fusion rule we
use Weighted Voting (WV) (Cordella et al., 1999).

The overall resulting system architecture combin-
ing the different MES schemes will be referred to
as Hybrid-Classifier-Aggregation-Fusion (HCAF). In
the following we adopt a top-down approach to fur-
ther present our recognition system: first we report
the rule applied in the aggregation module and then
we describe the fusion strategy internal to each block.

Classifier Aggregation. The rule evaluates which
single module is most likely to be correct for any
given sample. Since each module has a binary output,
possible input combinations to the aggregation mod-
ule can be grouped into three categories: (i) those for
which only one module j classifies the sample in its
class C j, (ii) those for which more modules classify
the sample in its own class, (iii) those for which none
module classifies the sample in its class.
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Input class
HO PN SP NU AR

HO 73.9% 5.6% 5.2% 8.5% 15.4%
PN 10.0% 71.2% 3.8% 14.9% 13.5%

Output SP 10.2% 12.8% 88.2% 0.0% 17.3%
class NU 1.5% 2.4% 0.5% 72.3% 9.6%

AR 4.4% 8.0% 2.4% 4.3% 44.2%

as kNN and MLP combined by the WV algorithm.
The HCAF system recognition performance has

been evaluated according to a eightfold cross valida-
tion approach. They are reported as confusion ma-
trix in table 1. The classification accuracy of HO, PN
and NU classes ranges from 71% to 74%, whereas the
best and worst recognition performance are attained
for cells of SP and AR classes, i.e. 88% and 44%,
respectively.

In our opinion, on the one hand, misclassifications
of HO, PN and SP samples are related to their simi-
larities of staining pattern and texture. Indeed, the
discrimination between such classes is a burdensome
issue also for well-trained specialists. On the other
hand, errors on NU and NP classes are related to the
small cardinality of such sets. Moreover, the variabil-
ity among AR samples is high, since such class con-
tains those cells corrupted during the slide preparation
that exhibit irregular shape and texture. Finally, tak-
ing notice of the absolute performance, the 75.9% of
cells are correctly classified.

In summary, we observe that the overall perfor-
mance of the presented cells classifier outperforms
that reported in (Soda, 2007). Furthermore, a di-
rect comparison of this results with respect to (Perner
et al., 2002) and (Sack et al., 2003) is not possible,
since their recognition task differs from ours. Indeed,
in those papers the authors used a different data set,
which is not only constituted by samples diluted at
1:160, but also containing cells that were negative,
i.e. they did not exhibit a detectable fluorescence in-
tensity.

With reference to the performance achieved in the
recognition of the whole well staining pattern, note
that we have to manage data related to individual cell
classification. The a priori knowledge based on estab-
lished medical information excludes the AR cell class
from the set of whole well pattern ones (see section
1). Therefore, υ, i.e. the index of well pattern class, is
computed from cell class indexes {HO, PN, SP, NU}.

For all the wells, we randomly subdivide their
cells into two equal partitions, and then each partition
is first used as a training set and then as test set. We
deem that such a ration is a good balance between the
need of keeping the training set representative as most
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