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1. INTRODUCTION

We consider a recognition problem in its typical
statement. We assume that objects of an entire assem�
bly Ω that is the union of nonoverlapping classes K1,
…, Kl are described by the attributes X1, …, Xn. In addi�

tion, we assume that there is a sample of objects  =
{s1 = (α1, x1), …, sm = (αm, xm)} independently taken
from Ω, where xj = (x1j, …, xnj) is the vector of values of
variables X1, …, Xn for the object sj, αj is the integer

indicator showing the class the object sj, j = 

belongs to. Use the learning sample  to find the
algorithm that would ensure the most accurate recog�
nition of arbitrary objects from Ω over some subset of
attributes from X1, …, Xn. In this work, we consider the
recognition method that evolves the statistically
weighted syndrome (SWS) method first proposed in
[6]. SWS implies collective decision making over sys�
tems of “syndromes,” that is, subregions of the
attribute space where objects of one class dominate. It
belongs to a rather wide class of collective methods,
including the known models such as the test algorithm
[2], KORA�type algorithms [3, 4], and methods
employing logical regularities [1, 5]. SWS was success�
fully applied to solve a number of problems of biomed�
ical diagnostics [6–8].
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2. SWS

At its initial stage, the SWS constructs the set of

“syndromes”  for each Kj using the learning infor�

mation . A syndrome is a subregion of the attribute
space such that the fraction of objects of at least one
class differs significantly from the fraction of objects of
this class included in the entire sample or in the neigh�
boring subregions. Suppose the object s* is recognized
using the vector description x* that belongs to the
intersection of the syndromes q1, …, qr of the system

. The estimate of the object s* for the class Kj is cal�
culated as the prediction of the indicator function Ij(s)
of the class Kj at the point x*. The prediction (esti�
mate) is calculated by statistically weighted voting [9]
by the formula

(1)

where  is the fraction of the class Kj in the sample 

with the vector descriptions x from the “syndrome” qi,
and wi is the so�called weight of the i�th “syndrome.”
SWS uses weights obtained analytically under the
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maximum condition of the special quasi�likelihood
functional [9] and calculated by the formula

(2)

where  is the squared sample variance of the indica�

tor function of the class Kj on the objects  with the
descriptions x from the “syndrome” qi. The relation

/di is the determinacy coefficient κj, where  is the
squared variance of the function ξj(x) = E[Ij |q(x)]
inside the “syndrome” qi. The determinacy coefficient
shows the degree of dependence of the indicator func�
tion on the variables X inside the syndrome qi. If κj =
1, the variables X define the value Ij(s) completely. If
κj = 0, the indicator random function Ij(s) is indepen�
dent of the variables X. To calculate the coefficient κj,
one can apply an iterative procedure that gradually
becomes self�consistent. However, numerous experi�
ments on real data showed that rather satisfactory
results are obtained for κj = 1, which is the value of κj

used to implement the method.
Once estimate (2) is calculated, the standard deci�

sion rule is applied; i.e., the object s* is attributed to
the class , where (s*) is the maximum value of

the estimates Γ1(s'), …, Γl(s').

Optimal partitions of intervals of admissible values
of prognostic attributes are used to search for “syn�
dromes.” Thus, for an arbitrary attribute Xi, we search
for the optimal partition R on TR of subintervals a1, …,

. The partition is considered optimal if the quality

functional

(3)

where mt is the number of objects in , for which Xi ∈

at,  is the fraction of objects Kj among the objects 

with Xi ∈ ai, and  is the fraction of objects Kj in the
entire learning sample, attains its maximum on it.

The critical SWS parameter is the number of sub�
intervals in the partitioning models involved. Practice
has shown that the greater the number of elements in
the partition, the higher the instability, given relatively
small sample sizes (less than 100–200 objects). There�
fore, the model complexity must be adjusted depend�

ing on the problem. The functional Fins(R, , Xi, Kj),
i.e., the squared ratio between the averaged variation
of boundaries of optimal partitions and the sample
variance Xi, is used as the SWS parameter to control
the complexity of the partitioning model of the

attribute Xi. We assume that , …,  are the

boundaries of the optimal partitions constructed using
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the learning sample with the g�th object excluded, and

 is the mean position of the t�the bound�

ary. Then, we can write the boundary instability func�
tional as

The functional Fins(R, , Kj) is used to choose the
optimal number of boundaries in the partitioning
model and select attributes. The user sets the threshold

δins for the value Fins(R, , Xi, Kj). If Fins(R, , Xi,
Kj) < δins for some attribute, we move to a simpler
model with fewer boundary points. If the simplest
model with one boundary point turns out to be unsta�
ble, the attribute Xi is excluded from the recognition
process.

Note that SWS uses the threshold value for the

functional Fg(R, , Kj) to select attributes. SWS uses
“one�dimensional” syndromes that correspond to
subintervals of partitions and various “two�dimen�
sional” syndromes that are mutual intersections of
“one�dimensional” syndromes.

Decision rule. Estimates of the recognized object s*
for the classes K1, …, Kl are calculated by formula (1).
However, an additional decision rule is needed to
attribute s* to the classes. A simple decision rule that
attributes an object to a class turns out to be efficient
when fractions of objects of different classes in the
learning sample are sufficiently close. When the con�
tent of classes differs significantly, the simple decision
rule tends to attribute most objects or even all of them
to big classes. In the latter case, recognition�based
analysis turns out to be useless. This is the reason SWS
uses the normalized decision rule that attributes an
object to the class with a maximal normalized esti�
mate. Normalized estimates are calculated by the for�

mula (s*) = . With the normalized deci�

sion rule, one can attain a close accuracy of recogni�
tion for all classes.

3. STATISTICALLY WEIGHTED VOTING 
AS A CONVEX CORRECTION PROCEDURE

We can represent the estimate calculated by for�
mula (1) as

(4)
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where ci ' =  > 0,  = 1. We can treat the

value  as the prediction of the indicator function

Ij(s). Therefore, estimate (1) can be interpreted as

convex correction of predictions , …,  that corre�

spond to particular syndromes.

Convex correction procedures (CCPs) possess a
number of interesting properties related to their gener�
alizing potential.

Let Ω be the space of events related to individual
objects to be predicted. Each element (object) ω of the
space Ω is matched with the value of the predicted
variable Y and the vector x(ω) of independent variables
X1, …, Xn used to calculate predictions of Y. Predic�
tions of the variable Y are assumed to be calculated by
some algorithms (predictors) z1, …, zr preliminarily
trained by the samples belonging to the probabilistic
space Ωt = Ω × … × Ω, which is the Cartesian product
of t spaces Ω. For the sake of simplicity, we use the
same designations for predictors and predictions cal�
culated by them. Since the prediction depends on the
learning sample ωt ∈ Ωt and the vector of independent
variables, we can write the predictor z∗ as z∗(x, ωt). In

what follows, we use the latter, more detailed form
along with the reduced one, if needed.

The convex correction procedure over the predic�

tors z1, …, zr calculates the prediction (z1, …, zr,

c1, …, cr) = , where ci ' ≥ 0, i ' = ,  = 1.

Let δconv = EΩ[(Y – )2] be the mathematical
expectation of the squared CCP error and δi ' =

EΩ[(Y – zi ')
2] be the mathematical expectation of the

squared error of an individual predictor, i ' = .

Theorem 1. If the inequalities ci ' ≥ 0, i ' = ,

= 1 hold, the inequality

holds.
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Proof. One can easily show that [Y – zi]
2 =

[Y – Zconv + Zconv – zi]
2 = [Y – Zconv]

2 +

[Zconv – zi]
2 = [Y – Zconv]

2 + [Zconv – zi]
2.

Therefore, we can write the CCP prediction error
for Y for the arbitrary object ω ∈ Ω, which is [Y(ω) –
Zconv(ω)]2, as

Hence,

(5)

Applying the mathematical expectation to the left�
hand and right�hand sides of inequality (5), we obtain
the conclusion of the theorem. The theorem is proved.

All predictors are assumed to be trained by the
samples ωt that belong to the probabilistic space Ωt. We
introduce the following designations:

(x) = [zi(x, ωt)] for an arbitrary vector of

prognostic variables,

Δi = EΩ[(Y – zi)
2] for the generalized error of

the predictor zi,

 = EΩ{[EΩ(Y |x) – (x)]2} for the bias compo�
nent of the generalized error of the predictor z, and

 = EΩ {[ (x) – zi(x, ωt)]2} for the varia�

tional component of the generalized error of the pre�
dictor z.

For the arbitrary predictor z∗, the known expan�

sion Δ∗ = EΩ[Y – EΩ(Y |x)]2 +  +  holds. The

first summand is the noise component independent of
the form of the predictor.

Theorem 2. For the rational values of the coeffi�

cients ci ' (i ' = ) and if the conditions ci ' ≥ 0 are met

for i ' = ,  = 1, the following inequalities hold:
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(8)

Proof. To prove inequality (8), it is enough to inte�
grate inequality (5) over the space Ωt. To prove ine�
quality (6), we can repeat the proof of Theorem 1,
replacing Y with EΩ(Y |x) and zi(x, ωt) with (x). Ine�
quality (7) for arbitrary rational coefficients ci ' that sat�
isfy the conditions can easily be obtained from the ine�
quality for the variational error of the arithmetical
mean prediction obtained in [11]. In [11], the inequal�

ity  ≤  was shown to hold for ci ' = 1/r,

i ' = . If the coefficients ci ' are rational, we can
always choose the natural numbers m1, …, mr such that

ci ' = mi/ . We duplicate each of predictors zi mi

times. As a result, we obtain the extended system 

consisting of  predictors. For the convex cor�

rection procedure over  that calculates the collec�

tive prediction in the form  = , the

inequality

holds. This proves inequality (7). Theorem 2 is proved.
The choice of the prediction method can affect

only two components of the error, the variational and
bias components. The value of the bias component
depends on the degree of consistency in the form
between the approximating functions of the model
involved and the real dependencies. For instance, the
bias component is small for linear dependences
approximated by linear models [11]. The value of the
variational component largely depends on the consis�
tency between the complexity of the model involved
and the data volume used to adjust it. SWS uses rather
simple one�dimensional partitioning models to con�
struct “syndromes,” ensuring their high stability. By
Theorem 2, applying the convex correction to sets of
“syndromes” can only increase stability as compared
to the mean stability for the set. Thus, total high learn�
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ing stability is ensured. Convex correction procedures
also help reduce the bias component.

4. THE MULTIMODEL STATISTIC
SYNDROME METHOD

4.1. SWS Disadvantages and Ways to Overcome Them

SWS is highly efficient in many problems. How�
ever, its obvious drawback is that it fails when one�
dimensional partitions are not sufficient to detect data
regularities. When solving such problems, it is natural
to search for regularities within more diverse families
that include partitions of higher dimension and a more
sophisticated form. More sophisticated models always
allow attaining a higher partitioning degree of objects
from different classes on the learning sample. How�
ever, more sophisticated approximation tools can
often make the detected regularities lose stability and
the variational components of errors increase. In fact,
only one of its forming variables can provide for the
high partitioning power of the complex regularity. The
second variable can increase the partitioning power
insignificantly, by actually approximating random
deviations [10]. This leads to the problem of choosing
a more sophisticated model that approximates, wher�
ever possible, true measurements with minimal loss of
stability.

One possible way to balance complexity and stabil�
ity is to train using several families of partitions of dif�
ferent complexity levels simultaneously. “Syndromes”
found using more sophisticated models are included in
the output set only if they can improve significantly the
partitioning degree of objects from different classes on
the learning sample. We implemented such a strategy
within the new recognition method, i.e., multimodel
statistically weighted syndromes. The method
employs the same collective decision�making proce�
dure as SWS does, with the estimates calculated by for�
mula (1). However, the method of multimodel statis�
tically weighted syndromes (MSWS) combines several
models to search for optimal partitions and selects
syndromes against the model complexity. The MSWS
decision rule coincides completely with the SWS rule
as well.

4.2. Forming “Syndrome” Systems in MSWS

Partitioning models. We consider the method of
multimodel statistically weighted syndromes employ�
ing the same voting procedure as in SWS with the dif�
ference that syndromes are searched by searching
optimal partitions of one�dimensional or two�dimen�
sional domains of the attribute space inside four a pri�
ori set models.

(a) The simplest one�dimensional model with one
boundary point and two partition elements (model I);

 stands for the optimal partition for this model.ro
1
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(b) The one�dimensional model with two boundary

points and three partition elements (model II); 
stands for the optimal partition for this model.

(c) The two�dimensional model with two linear
boundaries parallel to the coordinate axes and four

elements (model III);  stands for the optimal parti�
tion for this model.

(d) The two�dimensional model with one linear
boundary arbitrarily oriented with respect to the coor�
dinate axes and two elements (model IV).

 stands for the optimal partition for model IV.

Within MSWS, we maximize the functional

rather than the functional Fg(R, , Kj) used in SWS.

We use Fl(R, , Kj) rather than Fg(R, , Kj), since we
need to ensure the quality of partitions with different
numbers of elements to be compared properly. MSWS
uses the threshold δ to select the detected regularities

for the functional Fl(R, , Kj).
To decrease the retraining effect, the quality func�

tional for more sophisticated partitioning models (II–
IV) is multiplied by the penalty coefficient η. We con�

sider the selection algorithm of the set  of syn�
dromes for the class Kj in detail.

4.2.1. Selecting one�dimensional syndromes.
(1) Selection of one�dimensional syndromes found

within model I.

We assume the optimal partition  of the domain
of admissible values of the attribute Xi to be found

within model I and Fl[ (Xi), , Kj] > δ. Then, two

syndromes formed by the boundary point  of the

partition  will be included in the set .

We assume the optimal partition  of the domain
of admissible values of the attribute Xi to be found

within model II and Fl( , , Kj)*η > δ. Then, three

syndromes formed by the boundary points  and 

of the partition  will be included in the set .

4.2.2. Selecting two�dimensional syndromes with
boundaries parallel to the coordinate axes.

(1) Selection of two�dimensional syndromes found
within models I and III.

We assume the two�dimensional optimal partition

(Xi ', Xi '') to be found for the pair of attributes Xi ' and

Xi '' within model III, and  and  are the boundary
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 obtained for the same attributes within one�
dimensional model I.

(a) If Fl[ (Xi ', Xi ''), , Kj]*η > δ, four two�dimen�

sional syndromes formed by the boundary point  for

the attribute Xi ' and by the boundary point  for the

attribute Xi '' will be included in the set .

(b) If Fl[ (Xi ', Xi ''), , Kj]*η ≤ δ and inequalities

Fl[ (Xi '), , Kj] > δ and Fl[ (Xi ''), , Kj] > δ hold,
four two�dimensional syndromes formed by the

boundary point  for the attribute Xi ' and by the

boundary point  for the attribute Xi '' will be included

in the set .

(c) If the inequality Fl[ (Xi '), , Kj]*η > δ holds
for only one of two attributes Xi ' and Xi '', for instance,

Xi ', and the inequality Fl[ (Xi ''), , Kj] > δ holds, six

syndromes formed by the boundary points  and 

for the attribute Xi ' and by the boundary point  for

the attribute Xi '' will be included in the set .

(d) If the inequalities Fl[ (Xi '), , Kj]*η > δ and

Fl[ (Xi ''), , Kj]*η > δ hold, nine syndromes formed

by the boundary points  and  for the attribute Xi '

and by the boundary points  and  for the

attribute Xi '' will be included in the set .
4.2.3. Selecting two�dimensional syndromes with

linear boundaries arbitrarily oriented with respect to
the coordinate axes. We assume the two�dimensional

optimal partition  to be found for the pair of
attributes Xi ' and Xi '' within model IV. If the inequality

Fl[ (Xi ', Xi ''), , Kj]*η > δ holds, two syndromes sep�
arated by the linear boundary arbitrarily oriented with
respect to the coordinate axes will be included in the

set .

5. REAL DATA EXPERIMENTS

5.1. Experimental Conditions

We held experiments to compare MSWS with SWS
and alternative recognition algorithms, i.e., the q�near�
est neighbors, the Fisher linear discriminant, and the
support vector machine.
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Table 1 gives the efficiency of MSWS compared to
the q�nearest neighbors and the support vector
machine for nine applied problems. We used the software
implementation of the q�nearest neighbors and support
vector machine and SWS found in the RECOGNITION
software system. Table 1 uses the total fraction of

correctly recognized objects  fex =  and the mean

accuracy over classes  = , where nj is the

number of objects in the class Kj and  is the number
of its correctly recognized objects, as the measure of
efficiency. Recognition for each problem was done in
the sliding mode control, which means that the learn�
ing sample is partitioned into the set of nonoverlap�
ping subsamples consisting of the same, wherever pos�
sible, number of objects. Recognition of objects of
each subsample is done by the algorithm trained by
objects not included in this subsample. Within MSWS,
we chose the threshold δ out of three values 3, 5, and 7.
The experimental results include the maximal accu�
racy in the sliding control mode for these values.

For the q�nearest neighbors, we estimated the opti�
mal number of neighbors during the training process.
The number of nearest neighbors that maximize the
estimate of the recognition accuracy in the sliding
control mode was used as optimal.

nj
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We applied the version of the support vector
machine that uses Gaussians as the kernel. The kernel
size was chosen by the sliding control from the interval
[3, 10].

Applied problems. We considered the following
problems.

(1) Computer�based estimation of the severity of
pneumonia. To train and estimate the recognition
accuracy, we used a learning sample that included
descriptions of 116 cases with values of 41 clinical
parameters. For each case, the group of experts esti�
mated the severity on a four�score scale. The severity
estimation problem is reduced to a recognition prob�
lem with four classes.

(2) Diagnostics of malignant (melanoma) afflic�
tions of parts of the skin using a set of 33 parameters
that describes the respective images. The diagnostics
problem is reduced to the recognition problem with
three classes. The total number of objects in the learn�
ing sample is 80.

(3) Prediction of hysteromyoma relapse using
17 parameters describing the patient’s condition. The
problem is reduced to a recognition problem with two
classes. The total number of cases included in the ana�
lyzed sample is 196.

(4) Prediction of hysteromyoma relapse using
69 immunological parameters is reduced to a recogni�
tion problem with two classes. The total number of
cases included in the analyzed sample is 60. This prob�
lem stands out due to the high percentage of missed
values.

Table 1.  Comparison results for the efficiency of different methods on the set of problems

Task MSWS SWS LD NN SVM

1 mex 81 76 64 49 69
fex 69.8% 65.5% 55.2% 42.2% 59.5%

68.7% 65.9% 49.3% 39.9% 54.5%

2 mex 55 51 48 44 51
fex 68.8% 63.8% 60% 55% 63.8%

69.1% 63.7% 59.4% 55.3% 63.1%

3 mex 122 80 165 156 173
fex 62.2% 40.8% 84.2% 79.6% 88.3%

63.5% 55.1% 49.3% 45.1% 50%

4 mex 43 43 46 40 45
fex 71.7% 71.7% 76.7% 66.7% 75%

76% 69.5% 51% 51% 53.3%

5 mex 125 125 113 120 127
fex 86.2% 86.2% 77.9% 82.8% 87.6%

86.4% 83% 69.8% 79.7% 81.4%

fex
av

fex
av

fex
av

fex
av

fex
av
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(5) Autism diagnostics using 35 psychometrical
parameters is reduced to a recognition problem with
two classes. The total number of cases is 145.

(6) Prediction of viral hepatitis outcome using
20 parameters is reduced to a recognition problem
with two classes. The sample contains 155 cases. The
problem is taken from the open UCI Machine Learn�
ing repository (http://archive.ics.uci.edu/ml/).

(7) Diagnostics of oil well salinization is reduced to
a recognition problem with three classes. A sample
that corresponds to 114 experiments was used for
training and testing in the sliding control mode. Five
parameters were used to diagnose salinization.

(8) Prediction of daily radiation doses on the
orbital station using a set of ballistic and geoheliophys�
ical parameters.

(9) Prediction of tumor destruction using a set of
7 genetic parameters characterizing the density of
karyons. The total number of cases is 77.

5.2. MSWS Efficiency as Compared to SWS 
and Alternative Approaches

Table 1 gives the results for MSWS as compared to
SWS and alternative approaches. The upper cell of the
table represents the total number of correctly recog�
nized objects mex. The middle cell shows the total frac�
tion of correctly recognized objects fex, while the lower

cell represents the average fraction over the classes .

The table also gives the average value of  for all

problems— .

f ex
av

f ex
av

f̂ ex
av

Table 1 shows that the MSWS accuracy is higher

than the SWS accuracy in terms of the index  and
is far better than the accuracy of statistical methods and
the support vector machine for all problems, excluding
Problem 7. However, the MSWS accuracy, in terms of

the index  and ferr simultaneously, exceeds the
accuracy of the other three methods only for problems
1, 2, and 8. In Problem 9, the MSWS accuracy turns
out to equal the SWS accuracy, yet it exceeds the
accuracy of the other alternative methods signifi�
cantly. In problems 4, 5, and 6, the MSWS accuracy is
slightly lower than the SVM and LD accuracy in terms
of the index ferr, yet the excellence of the former in

terms of  turns out to be significant. Finally, in
Problem 3, the MSWS accuracy is significantly lower
than the accuracy of alternative approaches in terms
of ferr. However, they are almost inefficient in terms of

the index , i.e., the recognition accuracy in terms

of  turns out to be less than 50%. Graphs of the
interdependence of the recognition accuracy consid�
ered in the next section can give a more detailed idea
on the relative efficiency of the methods.

5.3. The MSWS Efficiency Depending
on the Penalty Parameter η

In this subsection, we deal with experimental study
of how the penalty parameter influences the recogni�
tion accuracy estimate in the sliding control mode. We
conducted studies to estimate the MSWS accuracy for

f err
av

f err
av

f err
av

f err
av

f err
av

Table 2.  The MSWS efficiency for different values of the penalty coefficient η

Task 0.1 0.3 0.5 0.7 0.9

1 mex 73 73 81 80 78
fex 62.9% 62.9% 69.8% 68.9% 67.2%

62.7% 61.6% 68.7% 69.0% 67.5%

2 mex 52 53 55 53 52
fex 65% 66.3% 68.7% 66.2% 65%

64.8% 66.4% 69.1% 66.8% 65.7%

3 mex 99 98 122 123 124
fex 50.5% 50% 62.3% 62.75% 63.2%

56.9% 56.6% 63.5% 63.8% 60.3%

4 mex 46 45 43 44 43
fex 76.6% 75% 71.7% 73.3% 71.7%

79.1% 78.1% 76.0% 77.1% 76.0%

5 mex 125 125 123 123 123
fex 86.2% 86.2% 86.2% 84.8% 84.8%

85.6% 86.4% 86.4% 85.5% 84.6%

fex
av

fex
av

fex
av

fex
av

fex
av
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the values of η 0.1, 0.3, 0.5, 0.7, and 0.9 and the
parameter δ selected in the previous group of experi�
ments.

Results given in Table 2 show that there is no trend
in the way the recognition accuracy depends on the
coefficient η common for all problems. In problems 4
and 9, the accuracy decreases slowly as η approaches 1.
In Problem 3, on the contrary, the highest accuracy is
attained for η = 0.9. However, the best results in most
problems are attained when the value η is close to 0.5.
Thus, the given results show that to achieve higher rec�
ognition accuracy, we need to use more sophisticated
partitioning models and apply penalty coefficients to
select the regularities found by these models.

6. TWO�DIMENSIONAL DIAGRAMS 
FOR COMMON RECOGNITION ACCURACY 

FOR TWO CLASSES

It is worth noting that to get the most complete
information on the efficiency of recognition algo�
rithms with two classes, one can use two�dimensional
diagrams that describe common recognition accura�
cies of two classes for various threshold values for the
estimates for classes. It is well known that any recogni�
tion algorithm can be represented as successive execu�
tion of the operator that calculates for each recognized

object the vector of real estimates for classes and the
decision rule that attributes objects to classes using the
vector of estimates. The decision rule can be given by
the threshold value δ1 for the first class—the recog�
nized object s is attributed to the class K1 if the estimate
γ1(s) for K1 is greater than δ1, and s is attributed to the
class K2 otherwise. Increasing the value δ1, we monot�
onously decrease the percentage of correctly recog�
nized objects of K1 and increase the percentage of cor�
rectly recognized objects of K2. For two classes, the
estimate for one of them is usually the monotone func�
tion of the estimate for the other. Therefore, the set of
decision rules with respect to thresholds for estimates
for K1 coincides with the set of decision rules with
respect to thresholds for estimates for K2. Unlike stan�
dard ROC diagrams that describe the dependence of
the recognition accuracy of the class K1 on the propor�
tion of objects of the class K2 erroneously attributed to

the class K1, we consider here the curves D( , )

that describe the dependence of the proportion  of
correctly recognized objects of the class K1 on the pro�

portion  of correctly recognized objects of the class
K2. Obviously, such approach implies that two classes
are “equivalent.” The important parameter that char�

f ex
1 f ex

2

f ex
1

f ex
2

Fig. 1. Model I. Fig. 2. Model II.

Fig. 3. Model III. Fig. 4. Model IV.
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acterizes the curve D( , ) is the average recogni�

tion accuracy  for the threshold value that ensures

minimal differences between  and . We denote

this accuracy by . We held experiments to com�
pare the efficiencies of MSWS, LD, and SVM in terms

of the curves D( , ) and indices . The curves

D( , ) for problems 3–6 calculated in the mode
are given in Figs. 1–4, respectively. To represent the
curves that correspond to three of the compared meth�
ods, we use the following designations:

�—�—� MSWS,
+—+—+ LD,
�—�—� SVM.

f ex
1 f ex

2

f ex
av

f ex
1 f ex

2

f ex
equi

f ex
1 f ex

2 f ex
equi

f ex
1 f ex

2

Figure 5 shows the curves D( , ) for Problem 3.

The obtained values  are 0.65 for MSWS, 0.48 for
LD, and 0.46 for SVM.

Figure 6 shows the curves D( , ) for Problem 4.

The obtained values  are 0.83 for MSWS, 0.75 for
LD, and 0.59 for SVM.

Figure 7 shows the curves D( , ) for Problem 5.

The obtained values  are 0.87 for MSWS, 0.74 for
LD, and 0.81 for SVM.

Figure 8 shows the curves D( , ) for Problem 6.

The obtained values  are 0.84 for MSWS, 0.81 for
LD, and 0.78 for SVM.
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DISCUSSION

Figure 1 shows that the curves D( , ) for LD
and SVM are close to the diagonal that connects the
corner points of the unit square (0, 1) and (1, 0), which
means they lack any recognition potential. At the
same time, the MSWS curve is noticeably above the

curve. The value  = 0.65 confirms the prognostic
capabilities of the method. On most of the trajectory,
the MSWS curve is farther from the diagonal than the
alternative methods for Problem 4 as well. For prob�
lems 5 and 6, the curves for one of the alternative
methods pass close to the MSWS curve, yet the latter
is also farther from the diagonal on a significant part of

the trajectory. The values of  turn out to be higher
for MSWS in these problems as well.

CONCLUSIONS

We proposed a recognition model that calculates
collective estimates using the system of subregions of
the attribute space, where objects of one class, syn�
dromes, dominate. We developed the method to form
systems of syndromes that involves searching for opti�
mal partitions for several models of different complex�
ity and selecting syndromes taking into account the
partitioning degree of classes by the respective optimal
partition and the degree of complexity of the model
involved. Theoretically, we showed high stability of the
statistically weighted voting used to calculate collec�
tive estimates; this procedure can be treated as a con�
vex combination of predictions calculated by individ�
ual syndromes. Theoretically, we showed that it is also
possible to decrease, for the collective decision, the
bias component of the recognition error as compared
to prediction errors calculated by individual syn�
dromes. The experiments carried out demonstrated
high efficiency of the method for a number of applied
problems with different dimensions and volumes of
the learning sample. The MSWS efficiency was also
confirmed by two�dimensional diagrams for the com�
mon recognition accuracy of two classes.

The experiments helped confirm that attaining
higher recognition accuracy requires using more
sophisticated partitioning models and applying pen�
alty coefficients to select regularities found by these
models.
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